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ABSTRACT 
The changing matrix: reforestation and connectivity in a tropical habitat corridor 
Matthew Easton Fagan 
In the last two decades, export-oriented crops and timber and fruit plantations have joined 
small-scale cultivation and pasture as important causes of tropical deforestation.  Widespread 
conversion of tropical forest to agriculture threatens to isolate protected areas, which has led to 
efforts to maintain functional connectivity in landscapes between protected areas.  Relatively few 
“landscape conservation” efforts have been assessed for their effect on deforestation, but 
advances in remote sensing now permit detailed monitoring of tropical land uses over time, 
including mapping of tree crops and plantations.  This dissertation evaluates the long-term 
impact of forest conservation and reforestation policies on tropical forests in a habitat corridor.  
The following chapters test the capability of remote sensing to monitor tropical conservation 
efforts and assess whether landscape conservation policies can maintain forest cover and 
connectivity in the face of rapid agricultural expansion.    
Costa Rica has one of the most comprehensive landscape conservation policies in the 
tropics: a 1996 Forest Law banned deforestation and expanded payments for environmental 
services (PES) to protect forests and plant trees, prioritizing designated habitat corridors between 
protected areas.  The long-term effect of the program on land-use transitions is not well known.  
To take advantage of this regional policy experiment, I used a time-series of five moderate-
resolution Landsat images to track land-use change from 1986 to 2011in the oldest habitat 
corridor, the San Juan-La Selva Biological Corridor (SJLSBC).  Forest conservation policies 
were associated with a 40% decline in deforestation after 1996 despite a doubling in the area of 
cropland in the last decade.  The proportion of cropland derived from mature forest dropped from 
 
16.4% to 1.9% after 1996, while one fifth of pasture expansion continued to be derived from 
mature forest.  These results suggest that forest conservation policies can successfully lower 
deforestation, and that they can be more effective with large export producers than small-scale 
cattle producers.   
Tree plantations are an important component of Costa Rican PES, but knowledge of their 
distribution and contribution to connectivity in the corridor region is poor.  After reviewing the 
remote sensing literature, I employed a novel integration of hyperspectral images and a Landsat 
time-series to create the first regional map of tropical tree plantation species.  Including 
multitemporal data significantly improved overall hyperspectral map accuracy to 91%; the six 
tree plantation species were classified with 83% mean producer’s accuracy.  Non-native species 
made up 89% of tree plantations, and they were cleared more rapidly than native tree plantations 
and secondary forests.  I combined existing land cover maps, field behavioral experiments, and a 
graph connectivity model to estimate whether landscape conservation policies increased 
connectivity for understory insectivorous birds, a representative forest-dependent group.  The 
field playback experiments indicated both native and exotic tree plantations with a dense shrubby 
understory were acceptable dispersal habitat for all species, and that birds traveled readily near 
secondary forest edges but rarely into forested pasture.  Graph model parameters were informed 
by these results.  For all of these bird species, functional connectivity declined by 14-21% with 
only a 4.9% decline in forest area over time, implying that conservation policies have not caused 
a net increase in functional connectivity in the SJLSBC region.  Despite making up 2% of the 
region, tree plantations had little effect on regional connectivity because of their placement in the 
landscape; we demonstrate that spatially-targeted reforestation of 0.1% of the region could 
increase connectivity by 1.8%.  Collectively, the results presented in these chapters underline the 
 
potential and limitations of landscape conservation policies and corridor plans in the tropics; 
combining regulations and PES can lower deforestation over the medium-term, but increased 
enforcement, improved monitoring with remote sensing, and targeted conservation effort is 
needed to combat illegal deforestation and restore functional connectivity.  Given numerous new 
tropical corridor and PES programs and the qualified successes of landscape conservation 
policies in Costa Rica and other tropical countries, our approach to the analysis can be applied to 
monitor and evaluate connectivity across the tropics.  
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Background and Scope 
 
1.1     Introduction 
“The best time to plant a tree is twenty years ago.  The second best time is now.” 
--Anonymous 
The humid tropics are estimated to contain approximately half the world’s species in just 
7% of its land (Dirzo & Raven 2003).  Protected areas currently cover 21% of the humid tropics 
and are estimated to contain the majority of tropical species, although a third to a half of species 
remain unprotected (Rodrigues et al. 2004; Jenkins & Joppa 2009; Giam et al. 2012).  Large 
areas of intact tropical forest are threatened with conversion to agricultural production, with 
recent annual clearing rates of 0.4% (Geist & Lambin 2002; Gibbs et al. 2010; Hansen et al. 
2013).  Many tropical protected areas are in danger of becoming isolated islands in a sea of 
agricultural habitat (Defries et al. 2005; Chazdon et al. 2009) with elevated rates of species 
extinction and genetic diversity loss (Brooks et al. 1999; Jump & Peñuelas 2006).  Apart from 
increasing reserve size, conservation corridors between protected areas are considered the 
primary intervention to counteract habitat fragmentation (Beier & Gregory 2012).  But 
implementing corridor plans in the face of agricultural expansion requires effective conservation 
on the private lands surrounding protected areas, or “landscape conservation” (Brooks et al. 
2009).  This dissertation evaluates the long-term impact of multiple landscape conservation 
policies on tropical forest habitat and functional connectivity in a conservation corridor. 
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Effective habitat connections between protected areas are increasingly considered integral to 
park function in an age of climate change (Heller & Zavaleta 2009; Hilty et al. 2012), leading to 
hundreds of corridor plans and implemented corridor projects around the world (Hilty et al. 
2006; Beier & Gregory 2012).  Like integrated development buffer zones in the 1970s and 
1980s, regional habitat corridor projects leverage protected areas for conservation (Kremen et al. 
1994; Hilty et al. 2006).  Landscape-scale corridor projects are implemented using both protected 
areas and landscape conservation policies to protect and restore habitat crucial for connectivity 
(Pierce et al. 2005; Hilty et al. 2006) .   
With often little political will to create large protected areas in productive agricultural 
frontiers (Naidoo et al. 2006; Loucks et al. 2008), maximizing the impact of limited conservation 
resources is vital (Ferraro & Pattanayak 2006).  A number of different landscape conservation 
policies have been implemented in the last two decades, including land-use regulations, 
payments for ecosystem services (PES), and reforestation programs (Naughton-Treves et al. 
2005; Wunder 2007; Chazdon 2008; Balvanera et al. 2012).  However there are relatively few 
studies that evaluate their impacts on tropical forest cover or connectivity (Chazdon et al. 2009; 
Brooks et al. 2009; Pattanayak et al. 2010; Hall et al. 2012).  Similarly, although small-scale 
corridors between habitat patches increase local population connectivity (Gilbert-Norton et al. 
2010), the effectiveness of landscape corridor projects in creating functional connectivity (Beier 
& Gregory 2012) or maintaining it in the face of land-use change (Pfaff & Sanchez-Azofeifa 
2004; Lees & Peres 2008) is poorly known.  In the rapidly developing tropics, evaluations of the 
ability of landscape conservation policies to maintain habitat corridors between parks are 
urgently needed.   
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It is in productive lowland forests where corridors and landscape conservation policies 
face their greatest test, and where they most need to be effective.  Increasing human populations 
and wealth have increased global demand for both staple and non-staple crops from tropical 
regions (Ewers et al. 2009; DeFries et al. 2010).  Across the tropics, large-scale industrial 
agriculture has joined pasture and small-holder agriculture as an important driver of deforestation 
(Rudel 2007; Defries et al. 2013).  With a global signal of elevation in deforestation (Sandel & 
Svenning 2013) and large blocks of relatively flat habitat remaining for conversion (Stickler et 
al. 2007), lowland forests in particular are under threat from agricultural expansion.  Increasing 
integration of tropical markets with global trade is on track to bring large areas of lowland forest 
into cultivation for export crops (Koh & Wilcove 2008; Meyfroidt et al. 2010; Gutiérrez-Vélez et 
al. 2011; Macedo et al. 2012).  Determining how best to protect habitat and maintain forest 
connectivity in these threatened regions is one of the central challenges of our times.   
Below, in the first section of this introductory chapter, I briefly introduce the main 
policies that have been employed to advance forest conservation in the humid tropics. In the 
second section, I outline my research objectives.  In the third section, I describe my study 
system, focusing on its land-use and conservation history.  In the final section, I introduce the 
research questions of the dissertation and briefly describe each chapter.   
1.2     Conservation tools in the humid tropics 
Protected areas are defined here as “any area of land or sea managed for the persistence 
of biodiversity and other natural processes in situ, through constraints on incompatible land uses” 
(Hansen & DeFries 2007).  Constraints on land uses have been widely applied to a diverse range 
of protected areas, from public lands under total protection to private lands under easements 
(Naughton-Treves et al. 2005; Hilty et al. 2006), and they been shown to be effective in 
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stemming tropical deforestation (Andam et al. 2008; Joppa & Pfaff 2010) and improving 
biodiversity outcomes (Laurance et al. 2012a).  Given the irreplaceable nature of primary forest 
for maintaining many species, protected areas represent the cornerstone of conservation 
strategies in the tropics (Chazdon et al. 2009; Gibson et al. 2011; Laurance et al. 2012a).  
However there is wide recognition that retention of biodiversity in protected areas is influenced 
by isolation and the surrounding matrix (Laurance 2008; Prugh et al. 2008; Chazdon et al. 2009).  
Protected areas may be extended by buffer or corridor zones that attempt to influence land 
management on private property; I focus in this brief review on the policy methods which are 
used to enact these conservation zones. 
Regulations 
I discuss here common regulations applied to land-use change outside protected areas in 
the humid tropics, also known as land-use zoning (Naughton-Treves et al. 2005).  Enforcement 
and cultural respect for law are essential to the success of regulations, as are clear rules and a 
lack of political corruption (Oldfield 2003; du Toit et al. 2004; Wright et al. 2007).  Restrictions 
on forest clearing based on slope and proximity to riparian areas are commonly seen across the 
tropics, as are restrictions on logging practices and fuelwood harvesting (Kaimowitz 2003; ITTO 
2011).  Effective enforcement of logging regulations is uncommon (Putz et al. 2000; Sikor et al. 
2006; ITTO 2011) but possible (Oliveira et al. 2007).  Blanket regional and national bans on 
logging have been tried, with varying degrees of success, in a number of countries (Durst et al. 
2001; Kaimowitz 2003; Liu et al. 2008).  Enforcing logging bans requires strict control of wood 
markets and/or the ability to track tree loss using remote sensing (Durst et al. 2001).  This is 
challenging; as much as half of the tropical wood trade is illegal in some regions (Meyfroidt & 
Lambin 2009), conversion of forest to agriculture is often used as a loophole to support logging 
5 
 
(Durst et al. 2001; Brandt et al. 2012), and tracking logging in satellite imagery requires 
technical resources that many developing countries lack (Asner et al. 2005).   
A more recent approach is an outright ban on deforestation, which has been implemented 
at region- or country-scales in China, Brazil, Indonesia, and Costa Rica (Fearnside 2003; Steed 
2003; Macedo et al. 2012; Sloan et al. 2012).  In Brazil, increased enforcement of land-use 
restrictions and a voluntary moratorium on clearing by soybean and cattle producers have 
effectively lowered deforestation rates (Macedo et al. 2012; Hansen et al. 2013) but potentially 
caused internal displacement of deforestation (Barona et al. 2010).  In Indonesia, a recent ban on 
new forestry and oil palm concessions has been questioned for its lack of conservation value and 
protections for already-logged forest (Laurance et al. 2012b; Sloan et al. 2012).  In China, a 
restrictive logging ban has lowered forest loss in some regions but not necessarily of old-growth 
forests (Brandt et al. 2012; Li et al. 2013).  In Costa Rica, a comprehensive nation-wide 
deforestation ban was associated with small declines in deforestation rates in its early years 
(Sánchez-Azofeifa et al. 2007; Morse et al. 2009).  The long-term effectiveness and broad 
applicability of deforestation bans is not well known: deforestation bans have the simplicity of 
lacking loopholes and being easier to track in satellite imagery, but the challenge of being more 
restrictive and affecting a far greater number of actors, many of whom may not comply.   
Market approaches 
One promising approach to the challenge of conservation outside is market-based 
conservation investment.  Market-based approaches seek to influence local land-use by 
encouraging outside investment in conservation (e.g., payments for ecosystem services and 
certification; Wunder et al. 2008) or discouraging investment in bad actors (e.g., boycotts and 
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regulation of multinational companies; Nepstad et al. 2006; Butler & Laurance 2008).   Payments 
for ecosystem services (PES) programs expanded rapidly in the tropics after the Millennium 
Ecosystem Assessment (Wunder 2007; Balvanera et al. 2012).  The most common PES programs 
support watershed protection and carbon sequestration (Wunder et al. 2008b; Balvanera et al. 
2012), with REDD+ being the largest proposed program to include PES (Pattanayak et al. 2010).  
Although PES are popular, with hundreds of documented programs in the tropics, evidence that 
PES programs lead to additional forest conservation is limited and effect sizes are often small 
(Wunder et al. 2008b; Pattanayak et al. 2010; Daniels et al. 2010; Arriagada et al. 2012; 
Balvanera et al. 2012; Alix-Garcia et al. 2012; Robalino & Pfaff 2013).  By contrast, many 
demand-side interventions against multinational companies have led to notable conservation 
successes, although boycotts face limitations in sustaining consumer pressure (Walker et al. 
2013).  Commodity certification programs have been slowly growing in popularity, with some 
studies indicating positive impacts on deforestation from programs like the Soy Moratorium and 
the Forestry Stewardship Council (Damette & Delacote 2011; Macedo et al. 2012).   
Market-based approaches to conservation have some limitations.  They compete directly 
with yields from agricultural conversion; if yields and prices are high enough, they can outstrip 
conservation payments (Butler et al. 2009; Angelsen 2010; Phelps et al. 2013) or outweigh the 
loss of certification or certain international markets (Wilcove & Koh 2010).  In addition, market-
based approaches are similar to enforcing land-use regulations in that they depend on regional 
monitoring of tropical forests to detect compliance, with the additional challenge of attributing 
deforestation to non-compliant actors (Rudorff et al. 2011; Walker et al. 2013).  Like regulations, 
market-based approaches may work best when states are strong and corruption is relatively weak 




Managed forests, tree plantations, and agricultural matrix habitats with high tree cover 
can buffer and connect protected areas.  In addition to providing livelihoods, these tree-
dominated habitats create additional habitat for forest organisms, reduce edge effects, increase 
landscape connectivity, and supplement forest ecosystem services (Lindenmayer & Hobbs 2004; 
Harvey et al. 2006; DeFries et al. 2007; Bhagwat et al. 2008; Chazdon 2008; Chazdon et al. 
2009).  Many forest organisms use isolated trees, linear forest elements, and tree plantations and 
agroforests to travel and forage in the matrix (Daily et al. 2001; Manning et al. 2006; Bhagwat et 
al. 2008; Harvey et al. 2008; Lees & Peres 2008; Najera & Simonetti 2010; Mendenhall et al. 
2011), and logged forests retain high levels of biodiversity (Cannon et al. 1998; Putz et al. 2012).   
Forest-based livelihoods have been encouraged through regulations, market-based 
incentives, and subsidies (Sunderlin et al. 2005).  Integrated conservation-development programs 
(ICDPs), agricultural extension, and reforestation efforts have provided subsidies and training for 
forest harvesting, agroforestry, and pasture management (Muschler & Bonnemann 1997; ITTO 
2002; Chazdon 2008; Blom et al. 2010).  While ICDPs have been widely criticized for not 
achieving development or conservation, there have been successes and many tropical 
conservation programs today continue to integrate the two goals (Blom et al. 2010).  Agricultural 
outreach programs often promote sustainable forest management and tree planting to combat 
erosion or increase productivity: the benefits of windbreaks, green fences, riparian buffers, and 
shade trees are well known (Kort 1988; ITTO 2002; Harvey et al. 2011).  Commercial tree 
plantations are rapidly expanding throughout the tropics and subtropics (FAO 2010; Hansen et 
al. 2013)—often, but not always, into already-cleared land (Ziegler et al. 2009; Puyravaud et al. 
2010).   
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Increasing tree-dominated habitats between protected areas has several potential 
drawbacks, however.  First, this conservation approach depends on good market access for forest 
products and may increase human impacts on protected areas through road-building, hunting, 
and secondary development (Laurance et al. 2009; Blom et al. 2010).  Second, expanding tree 
cover removes land from intensive agricultural production and potentially increases conversion 
of remaining forests (Green et al. 2005).  Third, tree-dominated matrix habitats may not benefit 
rare forest-dependent species, have the potential to act as ecological traps for dispersing forest 
species, and represent transitory habitat whose benefit for forest organisms is highly dependent 
on management (Daily et al. 2001; Wethered & Lawes 2005; Peh et al. 2006; Brockerhoff et al. 
2008).  Finally, tree plantations may expand into natural forest, and monitoring the expansion of 
agroforests and tree plantations across landscapes is difficult using satellite imagery (Sanchez-
Azofeifa et al. 2009; Miettinen et al. 2012).  Evaluations of the impact of reforestation programs 
on forest cover or regional ecosystem services are consequently rare (Hall et al. 2012), and 
largely rely on government statistics (Sterling & Ducharne 2008).   
The role of science in conservation 
Implementation of landscape conservation policies could be aided by increased scientific 
understanding in several areas: mapping of tropical land-uses using remote sensing (Sanchez-
Azofeifa et al. 2009), how the arrangement of forests and tree-dominated matrix habitats 
modulates environmental service provision (Nelson et al. 2009), and how ongoing changes to 
agricultural matrices affect functional connectivity (Prevedello & Vieira 2009).  First, remote 
sensing is well suited to the challenge of monitoring of landscape conservation projects because 
it permits frequent mapping of forest cover loss and gain across landscapes (Nagendra et al. 
2013).  The rapid expansion of agroforests (e.g., oil palm) and tree plantations across the tropics 
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has underscored the necessity of moving beyond land cover mapping, which often maps oil 
palm, banana, and teak plantation as forest cover (e.g., Hansen et al. 2013).  Testing new 
approaches and new sensor technology to distinguish tropical land-uses from imagery is an 
important and widely-recognized research challenge (Nagendra et al. 2013).  Hyperspectral data 
has been successfully used to identify tree species in forests and savannas (Ghiyamat & Shafri 
2010; Nagendra et al. 2013), but because its rarity  (Ghiyamat & Shafri 2010), its ability to 
discriminate tropical land-uses is not well known. 
Secondly, the management and spatial arrangement of forest habitat influences delivery 
of many ecosystem services (Harper et al. 2005; Broadbent et al. 2008; Nelson et al. 2009), 
making accurate valuation difficult.  For services like pollination, pest control, and biodiversity 
maintenance, the foraging and dispersal of forest organisms through the matrix is not well 
characterized for many tropical taxa or agroecosystems (Ricketts & Sciences 2004; Chazdon et 
al. 2009; Gardner et al. 2009; Mendenhall et al. 2011).  Finally, assessments of functional 
connectivity for individual tropical species, particularly across conservation initiatives like 
corridors and buffer zones, are lacking (Chazdon et al. 2009; Gardner et al. 2009).  New 
ecological methods are rapidly advancing our understanding of movement ecology (Knowlton & 
Graham 2010); when combined with detailed land use maps and advanced connectivity modeling 
approaches such as graph theory (Urban et al. 2009), they enable evaluations of how 
conservation actions affect the functional connectivity of key species.   
Tropical tree plantations, a globally important and rapidly expanding agro-ecosystem 
(FAO 2010), highlight limits in our understanding of remote sensing and ecology for 
conservation.  Augmenting agricultural tree cover around parks is thought to be a win-win for 
conservation and development (Naughton-Treves et al. 2005; Blom et al. 2010), and tree 
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plantations play a prominent role in REDD+ and connectivity restoration projects (Sodhi et al. 
2010; García-Feced et al. 2011; Meyfroidt & Lambin 2011; Hall et al. 2012).  However tree 
plantations and agroforestry systems are difficult to distinguish from natural forest using current 
remote sensing techniques, making monitoring their expansion and harvesting difficult at 
landscape scales (Sterling & Ducharne 2008; Sanchez-Azofeifa et al. 2009; Puyravaud et al. 
2010; Koh et al. 2011).  Tree plantations are often assumed to increase connectivity and local 
biodiversity by adding forest cover to landscapes (Carnus et al. 2006; Munro et al. 2007; Morse 
et al. 2009).  However their utility as dispersal habitat varies sharply among scientific studies, 
with few rigorous comparisons to deduce the underlying drivers of habitat quality in tree 
plantations for different taxa (Lindenmayer & Hobbs 2004; Barlow et al. 2007; Munro et al. 
2007; Brockerhoff et al. 2008; Fonseca et al. 2009; Zurita & Bellocq 2010).   The large 
uncertainties about tree plantations, in particular their conflation with natural habitat, over-
estimate gain (reforestation) and loss (deforestation) rates for tropical forests and make 
predictions about their impacts on biodiversity and connectivity difficult to make.   
1.3     Research Objectives 
In this dissertation, I aim to understand the potential of landscape conservation policies to 
counteract loss of forest cover from agricultural expansion and maintain regional forest 
connectivity.  I provide a critical, constructive evaluation of an existing conservation corridor 
program to generate information of practical relevance to policy makers.  This dissertation 
reaches these goals by accomplishing the following objectives: 
(1)  Assesses current capability for conservation monitoring of forest cover and 
composition using remote sensing. 
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(2) Examines the response of deforestation and agricultural production to landscape 
conservation policies in an ecologically and economically important habitat corridor 
region.  
(3) Quantifies the expansion, composition, and persistence of tree plantations established 
by reforestation subsidies and commercial enterprises.   
(4) Evaluates the long-term impact of conservation and reforestation policies on 
functional connectivity for understory birds.   
1.4     Study System 
1.4.1     Focal region 
Mesoamerica, the narrow isthmus of land that connects North and South America and 
spans nine countries, is a natural corridor between continents with 12% of the world’s known 
species on 2% of its area (Holland 2012).  It is also a region with a long history of agricultural 
production of coffee, sugarcane, bananas, and cattle.  A rapid rise in regional deforestation for 
cattle pasture in the 1970s and 1980s (Kaimowitz 2008) led to conservation initiatives and the 
expansion of the protected area system; today the region has ~24% of its land areas in parks 
(Holland 2012).  Continued deforestation led to the Mesoamerican Biological Corridor proposal 
(MBC), designed to create connectivity within the Central American protected area system.  
Several countries signed an official MBC agreement in 1997 (Holland 2012).  The MBC largely 
remained a plan on paper that altered over time as negotiations among countries stalled, but two 
countries, Costa Rica (in 1997) and Mexico (in 2003), began the process of delineating and 
establishing habitat corridors between parks (Holland 2012).   
Maintaining and restoring connectivity between parks has long been a priority in Costa 
Rica (Boza 1993; Sánchez-Azofeifa et al. 2003).  As early as the 1980s, Costa Rica was 
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subsidizing tree plantations (Watson et al. 1998) and it enlarged the protected area system 
through the 1980s and 1990s (Boza 1993; Sánchez-Azofeifa et al. 2003).  In 1996, the passage of 
the Forest Law banned deforestation country-wide and expanded a payments for ecosystem 
services to protect forests and promote reforestation (Ley Forestal 1996; Steed 2003).  In 1997, 
Costa Rica began directing payments for ecosystem services for into delineated corridor regions 
and recruiting local grassroots councils to manage the corridors (DeClerck et al. 2010).  
Currently all but one of the 24 corridors are in the initial consolidation and land management 
impact phases (DeClerck et al. 2010).  
This dissertation focuses on the landscape containing oldest and largest of these 
corridors, the San Juan-La Selva Biological Corridor (SJLSBC), which is the only corridor in the 
phase of demonstrating functional connectivity (DeClerck et al. 2010).  The SLJSBC has been 
active for 17 years and represents an advanced preview for assessing how landscape 
conservation initiatives can connect protected areas in the tropics.  The SJLSBC is located in the 
humid Caribbean lowlands of northeastern Costa Rica between Braulio Carrillo National Park 
and Nicaragua’s Indio Maiz Biological Reserve (Morse et al. 2009).  Recent commodity crop 
booms have put the SJLSBC under pressure (Chassot & Arias 2012) and are testing the 
robustness of forest conservation policies as regional population swells. 
1.4.2     Land cover and land use change in northeastern Costa Rica 
Pasture 
Pastures in northeastern Costa Rica are unimproved grasslands for cattle production that 
make up the majority of the agricultural matrix.  They frequently contain a number of wooded 
elements, including large remnant rainforest trees and smaller open-country trees, riparian 
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forests, and “living” fences formed of live trees propagated by stake-cuttings.   Mesoamerica in 
general has a high density of trees in pastures when compared to other regions (Zomer et al. 
2009), and Costa Rica has encouraged living fences through subsidies (Daniels et al. 2010).   
In the last several decades, cattle production has been a primary driver of deforestation 
(Kaimowitz 2008), and almost all pastures in the Caribbean lowlands were cleared manually or 
using bulldozers, without fire.  During the initial widespread clearing of the uplands and dry 
northwest for the production of coffee and cattle in the 1800s and early 1900s, deforestation in 
northeastern Costa Rica was primarily restricted to export banana production along the coast 
(Sader & Joyce 1988; Joyce 2006).  Colonization of the interior lowlands began in the 1950s, 
and regional population surged in the 1960s through 1980s as high cattle prices and free land 
brought a wave of settlers clearing pasture from primary rainforest (Butterfield 1994).  Reforms 
in land titling have eased the requirement of clearing to prove land title, but squatters still can 
(and do) lay claim to “abandoned” land based on productive occupancy (Butterfield 1994).    
Intensive agriculture  
Costa Rica is one of the top producers of bananas and pineapple for U.S. and European 
markets (FAO 2012).  The expansion of intensive export banana production into the Caribbean 
lowlands began in 1871 with the opening of the railroad between San Jose and Limon and the 
later arrival of the United Fruit Company (Joyce 2006).  Until the early 1990s, banana 
production was largely limited to areas with good infrastructure and fertile soil along the railroad 
and highway route to the coast (Joyce 2006; Morse et al. 2009).  In recent decades, 
improvements in infrastructure have permitted a northward expansion of banana production 
(Joyce 2006).  Large-scale pineapple cultivation was introduced to the region much more 
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recently; the expansion of highly profitable industrial pineapple farms began just this last decade, 
when Dole and Del Monte introduced a sweet hybrid variety, the MD-2 (Joyce 2006; 
Bartholomew et al. 2012).  Pineapples can be grown in poor soils with good drainage, and farms 
have expanded rapidly onto former pastures. 
Banana and pineapple production in northeastern Costa Rica is uniformly intensive, 
dependent on heavy fertilizer and pesticide application to avoid pest and fungal outbreaks.  It has 
some of the highest global yields of the two crops, thanks to a pesticide and fertilizer application 
rate that is the highest in the world per hectare  (FAO 2012).   While other minor crops are 
grown in the region, including heart-of-palm (palmito), sugarcane, rice, and corn, the extensive 
pollution of coastal rivers is often ascribed to banana and pineapple cultivation (Harvey et al. 
2004; Echeverría-Sáenz et al. 2012).  In addition to chemical applications, bananas require 
extensive grading for drainage, and pineapple cultivation leaves the ground bare for several 
months every two years, causing extensive soil erosion.   
Urban areas and roads 
Over the last several decades, the population of northeastern Costa Rica has grown by 2-
8% per year (Schelhas & Sánchez-Azofeifa 2006; Costa Rica 2011).  Although most towns 
remain small and short, with two-story buildings a rarity, settlements are numerous and 
concentrated along the main southern roads.   The number of paved and improved gravel roads in 
the region has increased dramatically in recent years, following the northward movement of 
banana and the expansion of pineapple production.  While the northern border with Nicaragua 
remains a frontier where it is easier to travel by boat than car, the last two years saw the 
construction of two border roads.  Costa Rica is deeply invested in improving road access to its 
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Atlantic deepwater port at Limon, and plans are in the works to create an international trade 
highway from southwestern Nicaragua to Panama across the Caribbean lowlands (ZEE 2013). 
Mature and secondary forests 
The largest blocks of lowland rainforest outside protected areas in Costa Rica occur in the 
northeast (Watson et al. 1998).  Landscape fragmentation is extensive, with large patches of 
forest occurring in the mountain foothills and the north of the region (Morse et al. 2009).  
Logging is now regulated through the 1996 Forest Law, which banned tree harvesting without a 
permit and set up a system of sustainable forest management.  Illegal logging does still occur, but 
many landowners choose to observe the law (Steed 2003; Morse et al. 2009).  Hunting in forests 
is widespread in the region, with intense pressure from rural and urban enthusiasts and little 
effective regulation on poaching.   Secondary forests occupy a legal gray zone in the Forest Law; 
technically they are protected once they reach a set level of tree density and biomass, 
incentivizing many landowners to clear young secondary regeneration, or “charral” regularly 
(Sierra & Russman 2006; Morse et al. 2009).   
Tree plantations and agroforestry 
The 1996 Forest Law and earlier forestry policies incentivized the planting of trees in 
northeastern Costa Rica starting in the early 1980s, and commercial plantations of teak (Tectona 
grandis) and melina (Gmelina arborea) were established in the 1990s (Watson et al. 1998; 
Morse et al. 2009).  Most tree plantations in the region are monocultures of timber species, and 
their management varies widely from farm to farm (Redondo-Brenes & Montagnini 2006).  
Notably, melina suffers from a root fungus which can kill entire stands.  Agroforestry is 
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primarily restricted to house gardens in this region, with trees occasionally planted at a low 
density in heart-of-palm fields. 
1.5  Dissertation Structure 
Corridors and reforestation programs seem ideally suited to the central challenges of 
tropical conservation: habitat fragmentation and climate change.  However, our practical 
knowledge of how best to implement landscape conservation programs to maintain functional 
connectivity outside protected areas is limited.  When they have been assessed, the effectiveness 
of landscape conservation policies has largely been evaluated at the farm scale, where their 
impact on functional connectivity or regional forest cover is difficult to measure.  What is 
lacking is research that tests the potential of landscape conservation policies to maintain habitat 
and restore connectivity at the landscape scale.  This dissertation begins to fill that gap with a 
case study that combines analyses of satellite and aerial imagery with ecological field work to 
assess deforestation, reforestation, and changes in functional connectivity in the San Juan-La 
Selva Biological Corridor region of Costa Rica.  The specific questions of this dissertation 
research were:  
1)  How well can remote sensing monitor forest cover, distinguish forest ecosystems, and 
measure ecosystem services for conservation? (Chapter 2) 
2) Can forest protection policies lead to a decline in deforestation and an expansion in 
reforestation without lowering agricultural production? (Chapter 3) 
3) Can remote sensing techniques accurately map tree plantations and secondary forests in 
the study region, and measure how the persistence of tree plantation species differed over 
time?  (Chapter 4)  
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4) Have reforestation and forest protection efforts increased functional connectivity for 
understory birds in the study region?  (Chapter 5) 
To answer the questions above, I first reviewed existing methods for forest conservation 
mapping, noted key gaps in our knowledge and monitoring capabilities, and identified promising 
methodologies for future studies (Chapter 2).   I then developed remote sensing methods that 
used multi-temporal satellite imagery to distinguish mature forests from reforestation and track 
their loss to agricultural expansion (Chapter 3).  I also developed novel remote sensing methods 
integrating hyperspectral imagery with multi-temporal multispectral imagery to identify tree 
plantations to species and track their persistence over time (Chapter 4).  The land-use maps 
generated by these two methodologies were combined with field experiments on understory bird 
movement ecology and incorporated into a graph connectivity model to assess whether 
conservation policies have improved functional connectivity in the study region over time 
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Measurement and Monitoring of the World’s Forests: A Review and 
Summary of Technical Capability, 2009-2015 
      
Foreword 
This first chapter was published in 2009 as a long report for Resources for the Future 
(RFF) on the capability of remote sensing to monitor forests.  Two shorter selections from the 
report are excerpted here, with the entirety of the report included in the appendix to this 
dissertation.  The first excerpt is the introduction: the Executive Summary and Chapter 1.  The 
second except is a review of the capacity of remote sensing to map and monitor changes in forest 
area: Chapter 4, section 1.  These two excerpts respectively deal with the general conclusions of 
the report and the specific conclusions that I applied to this dissertation work.  Other portions of 
the report give a general overview of remote sensing and review current and upcoming satellite 
capability (Chapter 2), detail current methods for monitoring global forest area (Chapter 3), and 
assess global ability to monitor forest structure, biomass, and carbon (remainder of Chapter 4 and 
Chapter 5).  The funding agency, RFF, was keenly interested in monitoring forest carbon, a key 
ecosystem service.  As the RFF report and other chapters in this dissertation conclude, accurate 
measurement of forest area and composition are first-order problems when it comes to estimating 
ecosystem services from forests, and far from resolved. 
Notably, since this chapter was published, several of our recommendations for future 
work have been achieved through concentrated research effort.  Active sensor fusions have been 
used to map global forest carbon (Section 4.3.5; Baccini et al. 2012), tandem active sensors are 
being used to create a global terrain map (Section 4.2.3; Weigt et al. 2012), and two moderate-
resolution maps of global forest cover have been published (Section 4.1.4; Sexton et al. 2013; 
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Hansen et al. 2013).  Although these are welcome strides forward, much work remains: longer 
time-series of moderate-resolution forest cover need to be developed to track global changes in 
secondary forest, and global measurement of tree crop and tree plantation area remains a 
challenge, even in regions experiencing rapid deforestation from their expansion (Sterling & 
Ducharne 2008; Puyravaud et al. 2010; Koh et al. 2011).  Nearly five years after its publication, 
many of the core recommendations of this review remain salient challenges for the remote 
sensing of forests. 
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Executive Summary 
Forests are ecosystems of fundamental importance to humanity, yet we know little about 
the global status of forests. We can make more current and informative maps of Mars than of the 
Amazon basin or the Russian boreal forest. This gap in our knowledge arises from several 
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sources, including a historical shortage of tools to observe the entire globe; the lack of consistent 
global initiatives on forests; balkanized, inconsistent recordkeeping; and the absence of a 
concerted and systematic effort to inventory and monitor the world’s forests. 
To understand the planetary carbon budget, it is imperative to generate accurate and 
reliable estimates of global forest cover and the amount of biomass and carbon harbored by the 
planet’s forests. Yet widespread uncertainties in forest measurements have hampered efforts to 
obtain this basic scientific data. Indeed, the most significant weaknesses in estimates of the 
planetary carbon budget derive from uncertainties about terrestrial ecosystems. Satellite-based 
estimates of forest cover and biomass have begun to fill this need. 
To measure forests worldwide, satellite imagery is a practical necessity. Aerial 
observations are expensive at present and only cover small areas at a time. Ground 
measurements are also expensive and are logistically challenging and spatially restricted. Neither 
aerial nor ground observations are well suited to continuous measurement of the entire global 
forest. Satellite mapping is necessary to detect deforestation and regrowth in remote tropical 
forests and to track the northern expansion of boreal forests in a warming world. The greatest 
strengths of satellite-based measurements are their unparalleled, unbiased measurements, their 
monthly to daily frequency, and—above all—their synoptic nature. Satellites provide a general 
view of the whole Earth that is not possible with any other forest measurement method. 
Scope 
We evaluate current and near-term (2009–2015) technologies for measuring and monitoring 
global forests. We focus primarily on remote sensing (defined in this report as the analysis of 
satellite and aerial imagery), because this technology meets the steep logistical challenge of 
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measuring the world’s forests in an accurate, repeatable, and inexpensive manner. We emphasize 
the observations needed to provide accurate, basic measures of forest attributes for use by forest 
scientists, decisionmakers, and the public. We also illustrate how the resulting data would 
address some of the most compelling questions that persist about our forests. Remote sensing can 
ultimately help to answer these important questions: 
• Where are forests being lost and gained? 
• How are biodiversity and regional climates responding to forest loss and regrowth? 
• How do forests affect the global carbon budget? 
• How can forest management be improved by carbon markets and satellite 
technology? 
• How will forests respond to climate change? 
In this report, we evaluate the technical capacity of satellite imagery to measure and monitor 
global forests. In particular, we examine satellite observations of forest area, volume, biomass, 
and carbon. These measurements are fundamental to our understanding of the status and trends 
of forests around the globe and to our grasp of the role that forests play in modulating global 
climate. We evaluate current capacity and predict future capacity from expected satellite 
launches and technological developments between 2009 and 2015. Our findings are summarized 
in Table 0. 
Current and Emerging Satellite Technologies 
Satellite sensors are either passive or active. Passive sensors receive reflected optical and 
thermal radiation from Earth’s surface. Although they are capable of obtaining very 
high‐resolution images and distinguishing among types of land cover (such as vegetation, bare 
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soil, and snow), they cannot penetrate cloud cover. Active sensors are less challenged by cloud 
cover because these sensors emit radiation and measure the reflections from Earth’s surface. 
Active sensors can provide a three‐dimensional picture of the ground, although they cannot 
reliably render landscapes with sharp changes in elevation, such as mountainous regions. 
In general, satellite technology involves a combination of pixel resolution and image size, 
with an increase in one dimension requiring a reduction in the other dimension. 
Coarse‐resolution satellites can generate images of very large areas, but the pixel resolution may 
be 1,000 meters (m). Conversely, some sensors can render extremely high‐resolution pictures—
with pixel sizes less than half a meter—but only over limited areas. Moderate‐resolution 
satellites, such as those with a pixel size of 30 m and an image width of 185 kilometers (km), are 
often seen as a good compromise for land mapping. The Landsat system, sponsored by the 
United States, is the oldest and most popular moderate‐resolution sensor, but because of 
technical failures in the operating satellites, Landsat imagery coverage is not currently global. 
Alternative sensors exist, but the planned launches of the Landsat Data Continuity Mission 
(LDCM) and the European Sentinel‐2 series of remote sensing satellites are important for 
continued global land mapping. 
The recent availability of free imagery from Landsat and the China–Brazil Earth 
Resources Satellite (CBERS) missions has revolutionized global forest mapping and will 
continue to do so into the future. Even with free or low‐cost imagery, however, cost remains a 
critical parameter for worldwide mapping. For example, the required processing capability is 
large because the volume of imagery is enormous. 
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Satellite groups or constellations improve coverage by enabling more frequent, cloud-free 
observations of any given point on Earth. Several of these constellations are currently in orbit, 
and more are planned. Geostationary satellites, stationed at some 22,000 miles above Earth (most 
Earth-observing satellites are only a few hundred miles above Earth) can provide rapid and 
repeated scans of a very large area. The pixel size obtained at a geostationary altitude is only 
about 2.5 km; by 2014, however, the resolution is expected to improve to approximately 1 km 
pixel size, making it possible to monitor global vegetation at coarse-resolution in real time. High-
resolution (0.3–10 m pixel) sensors will continue to increase in number; these sensors do not 
acquire continuous, cloud-free, worldwide coverage for forest mapping, but they are ideal for 
validating estimates from moderate-resolution sensors. 
Active sensors (synthetic aperture radar, known as SAR; and light detection and ranging 
laser, known as LIDAR) are currently a small proportion of the satellite fleet, but will 
dramatically increase in number and complexity in the next few years, making new types of 
analysis possible. The first LIDAR satellite—the Ice, Cloud, and land Elevation Satellite 
(ICESat)—will be followed by two others that can address issues in forest management. These 
other satellites are ICESat-II and the U.S. Deformation, Ecosystem Structure and Dynamics of 
Ice satellite (DESDynI). Two new SAR satellites that are likely to launch between 2009 and 
2015 will revolutionize mapping of forest biomass. DESDynI will be the first combined SAR–
LIDAR mission, and it will integrate the relative strengths of SAR and LIDAR to create 
unparalleled measurements of ecosystem structure and forest height. The European Space 
Agency’s planned BIOMASS satellite is a long-wavelength SAR, specifically designed to 
penetrate forests and measure forest biomass in real time. 
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Although new satellite technology can revolutionize scientific monitoring and 
measurement of Earth, it is not fail-safe. Satellites and satellite launches can, and do, fail. As a 
result, global forest measurements need to be accurate and repeated over long time periods. And, 
at the end of their operating lifetimes, usually after five to ten years or so, the satellites and 
sensors need to be replaced to enable continued measurement and observation over time. 
Remote Sensing and Global Forest Measurement 
For any worldwide forest monitoring effort to succeed, there must be consensus on forest 
definitions, past reference maps (so that change can be detected), and selected forest metrics. We 
have chosen the Forest Identity (Kauppi et al. 2006) as an organizing principle for the central 
metrics of this report. The Forest Identity relates four forest attributes (area, volume [density of 
growing stock], biomass, and sequestered carbon) that provide a useful starting point for global 
forest monitoring. 
Current maps of forest area have medium to high accuracy.1 Monitoring volume, 
biomass, and carbon on a regional to global scale is possible with current technology but 
accuracy is lower (see Table 0). Similarly, we can develop past reference maps for forest area 
(maps of what an area once looked like), but past reference maps for volume, biomass, or carbon 
will require innovative reprocessing of old imagery. For forest area, “accuracy” is roughly 
defined as the percentage of pixels in the remote sensing imagery that correctly identify land‐
cover type. For forest volume, biomass, and carbon, accuracy refers to the match between 
predictions from remote imagery and observed ground measurements. 
                                                            
1 In this report, the overall accuracy of satellite imagery analysis is designated by five standard adjectives: very high 
accuracy (>90 percent), high accuracy (>80 percent), acceptable accuracy (>70 percent), low accuracy (50–70 
percent), and poor accuracy (<50 percent). Where alternative qualifiers (for example, “mixed”) are used, we provide 
the actual accuracy (say, 67 percent). 
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Designing a satellite‐based, worldwide forest monitoring system requires choices in 
budgeting, processing logistics, sampling frameworks, and the collection of validation (or 
“ground‐truth”) data from forest inventories and high‐resolution imagery. Collection of 
ground‐truth data is typically necessary as a means of determining the accuracy of remote 
sensing. These data are particularly essential when attempting to estimate forest volume, 
biomass, and carbon using remote sensing technology. Archiving and standardizing global 
ground‐truth data for forests would be a significant contribution to global forest science. Ground 
data, aerial imagery, and high‐resolution satellite imagery are expensive and require coordination 
in a sampling hierarchy for efficiency. 
In current coarse‐resolution world forest maps, forest area is measured with medium 
accuracy as two classes (forest/nonforest) or categorized with low accuracy into homogenous 
forest types based on leaf persistence (for example, evergreen forest). Recent improvements in 
classification techniques and the combination of distinct types of satellite imagery (called 
imagery fusion) have allowed moderate-resolution mapping of forest types with high accuracy 
(80–90 percent). Currently, complete forest clearing can be detected with the highest accuracy. 
With current technology, it remains difficult to distinguish primary forests from tree 
plantations and older secondary forests in remote sensing images. It is also challenging to detect 
forest degradation in which a forest is partially cleared by human activity. Significant progress 
on these problems has been made in certain geographic regions, but accurate global forest maps 
with multiple classes remain elusive. In the years between 2009 and 2015, we can expect to see 
numerous improvements that promise to address many of these challenges. Some of the 
anticipated advances include: 
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• hyperspectral satellites that produce imagery with great sensitivity across the 
electromagnetic spectrum, 
• improved revisit times from optical and SAR satellite constellations, 
• improved algorithms for analyzing large amounts of remote imagery, and 
• additional high‐resolution and active imagery available for fusions. 
 
Active and passive satellite imagery is sensitive to forest structure (both vertical and 
horizontal), and forest structure can be used to estimate forest volume, biomass, and 
aboveground carbon. Both SAR and LIDAR are directly sensitive to forest volume. SAR images 
tend to “saturate” (or fail to penetrate) in dense forests but they can cover large areas. 
Conversely, LIDAR data do not saturate but can only measure small areas. In open forests, stereo 
and high-resolution imagery can also measure forest height and canopy structure and have the 
potential to aid LIDAR and SAR measurements of forest volume and biomass. 
Dense forests represent a challenge to satellite estimation of forest volume and biomass. 
Scientists seek to overcome this challenge by several means. Three approaches have shown 
medium to high accuracy when used in dense forests: 
• long‐wavelength SAR; 
• measurements of forest canopy height using LIDAR or interferometric SAR (InSAR) 
sensors; and 
• fusions of active and passive imagery. 
Future satellite launches of LIDAR, long wavelength SAR, and InSAR sensors will 
significantly improve estimates of biomass, forest volume, and carbon in the near term and may 
provide information crucial to the development of a global, ground‐level elevation model. If such 
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a model were available, scientists could create accurate, worldwide maps of forest height and, in 
turn, generate global reference maps that estimate historical forest biomass as far back as the 
mid‐1990s. 
Summary and Conclusions 
It is possible to improve global measurements of forest area, structure, biomass, and 
carbon using remote sensing technologies that are currently available or expected to be in use 
between 2009 and 2015 (see Table 0). We are capable of generating highly accurate 
measurements of forest area now; technical developments over the next six years will increase 
the frequency of moderate‐resolution forest imagery and improve our ability to analyze the data 
generated. These developments will facilitate discrimination between forest types and the 
detection of temporal changes. Refining the accuracy of coarse‐resolution maps and developing 
an accurate moderate‐resolution, global forest map over the next several years could improve 
forest area measurements. Such an effort would improve the quality of world forest maps 
tenfold; we could create moderate‐resolution world forest maps going back to 1975, as we have 
already done for the United States and other countries. Historical maps would serve as baselines 
from which to measure and monitor changes in forest area. 
Today, forest volume, biomass, and carbon stocks can only be estimated conservatively 
and the accuracy is extremely variable (see Table 0) depending on the study and methods used— 
although recent imagery fusions show promise. Integration with high-quality forest inventory 
and LIDAR data is essential for improving biomass estimates from satellites. Worldwide 
collection of forest inventory data is necessary to achieve acceptably accurate global estimates of 
forest volume, biomass, and carbon from current satellite imagery. Future SAR and LIDAR 
satellite launches, such as DESDynI, BIOMASS, and SAR constellations, are expected to 
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achieve good to high accuracy in mapping forest volume and biomass. However, it will be 
necessary to validate these estimates with extensive ground-truth data and supplement them with 
historical reference maps of biomass. A coordinated global effort is needed to achieve these 
objectives. 
For decades, the only institutional effort to generate global forest measurements was the 
inventory assembled by the Food and Agriculture Organization of the United Nations (FAO). 
Despite the best efforts of the FAO, these estimates are widely recognized as inaccurate. Nations 
self-report their forest inventories and differ in how they define forests as well as give technical 
means, funding, and priority to the measurement. To fill gaps in data or reconcile conflicting 
data, the FAO often must depend on untested assumptions, the chance of data aggregation errors, 
and changes in the definition of what constitutes a forest. If we are to understand forest 
ecosystems— and if we hope to understand the planetary carbon budget and the role that forests 
play in modulating climate—we must improve our ability to measure and monitor forest volume, 
biomass, carbon, and trends. Remote sensing has a strong track record in global forest 
measurement and planned sensor launches offer even greater potential. A technical approach that 
integrates satellite and ground‐truth data—and an institutional means to implement it—will 























>80% accuracy for 
forest/nonforest 
maps at moderate 
resolution (~30–50 
m pixels). 
Lack of detailed global 
forest types. Current 
coarse‐resolution maps have 
more detail, but ~65% 
accuracy.a 
>80% accuracy for 
global maps of 
nonforest and several 
forest types, at 
moderate resolution 
(30 m). 
Availability of free, 
moderate‐resolution 
imagery depends on a 
few key satellites 
(e.g. LDCM). 
Optical, high 
resolution >90% accuracy for forest/nonforest 
maps.b 
Many images are needed to 
map large areas:c images 
are difficult to standardize 
for analysis. 
A global set of high‐ 
resolution images will 
be gathered by 2015. 
Difficulties in 
standardization are 
likely to persist, 






40–90% accuracy for 
forest volume 
estimates. 
See above. Accuracy is low 
in closed forests with tree 
canopy overlap. 
See above. Regional 
equations correcting for 
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for forest volume. 
Limited to low‐biomass 
forests; higher biomass 
decreases accuracy. 
>80% accuracy in dense, 











30–80% accuracy for 
forest volume 
estimates (from forest 
height). 
Lack of ground elevation 
data prevents global forest 
height/volume estimation. 
The amount/diversity of 
InSAR data will increase.d 
Processing innovations 
may create ground 
elevation maps. 
A global ground 
elevation map may 







>80% accuracy is 
common for forest 
volume. 
LIDAR sampling is 
spatially limited, data 
intensive, and expensive. 
Global sampling of 
forest and ground 
height will come from 
new satellite sensors.f 
Satellite sensors 





Biomass Same sensors and accuracy as volume; estimated through correlation with ground‐truth points.g 
Carbon   Same as biomass; estimated through a standard conversion from biomass, with minor inaccuracy (+/-8% max). 
Notes: 
a Forest types are general (e.g., deciduous forest) in global coarse‐resolution maps (>200 m pixels). Their forest/nonforest accuracy is 70–
80%.  
b Currently, forest-type mapping accuracy for high-resolution imagery is similar to that of moderate-resolution imagery. 
c A very large number of expensive images are needed to create a global map (see Table 5). Global image coverage does not currently exist.  
d Advances in satellite technology and image processing will allow fusing of InSAR and SAR for synergy in volume/biomass estimation. 
e These include DESDynI and BIOMASS. Innovations in processing SAR imagery from multiple satellites may also improve volume estimates.  
f Global LIDAR sampling of forest volume will allow synergy with forest type maps for regional forest volume estimation. 
g Accurate ground-truth points from forest inventory data are critical to any effort to measure forests using remote sensing (see Section 5.1.5). 
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Chapter 1.  Forests, Their Measurement, and the Need for Global Remote Sensing 
“Sometimes, if you stand on the bottom rail of a bridge and lean over to watch the river slipping 
slowly away beneath you, you will suddenly know everything there is to be known.” 
 -Winnie the Pooh  
1.1       Current Needs for Forest Monitoring 
Forest ecosystems are fundamentally important to humanity. They moderate the climate, 
protect streams and soil, generate oxygen, supply wood and other products, provide beauty and 
recreation, and house a treasure‐trove of biodiversity. We depend on forests for their ecosystem 
services—and have done so since the dawn of civilization. It is surprising, then, that we know so 
little about the global status of forests. We can make more current and informative maps of Mars 
than of the Amazon basin or the Russian boreal forest. There are several reasons for the gaps in 
our knowledge: 
• a dearth (until relatively recently) of tools to observe the world on a global scale, 
• a historical lack of interest in forests by the political and economic communities (with 
the exception of timber companies), 
• poor and inconsistent records of global forest cover, and 
• an absence of a concerted effort to systematically inventory and monitor the world’s 
forests. Maturing observation technologies and intense public interest in protecting 





In this report, we evaluate current and upcoming (2009–2015) technologies for measuring 
and monitoring global forests. We focus primarily on remote sensing (which we define as the 
analysis of satellite and aerial images) because this technology meets the steep logistical 
challenge of measuring the world’s forests in an accurate, repeatable, and inexpensive manner. 
Remote sensing extends existing ground data to expand our understanding of forests beyond 
geographically localized areas. Remote sensing is a rapidly developing field driven by 
technological advancements in data gathering and processing and has already yielded many 
important discoveries in recent decades about the changing Earth. 
Many critical questions about the world’s forests remain understudied by forest scientists. 
We focus on the observations needed to provide accurate, basic measures of forest attributes to 
inform forest scientists, decisionmakers, and the public. We also illustrate how the resulting data 
would address compelling questions that persist about our forests. 
Which countries are gaining and losing forests, and why? 
We begin with this simple question because it is often at the heart of public 
understanding of the status of the world’s forests. For instance, loss of rainforest in tropical 
regions is often in the news. Yet at present, national statistics track only net changes in forest 
cover and hide forest loss in countries undergoing reforestation and forest regrowth (Grainger 
2008). In addition, country‐ measured statistics on forest attributes have often been inconsistent 
and unreliable. As a result, long‐term changes are difficult to track (Waggoner 2009). It is clear 
that an increase in forest cover after a long period of deforestation occurred in the United States 
and Europe in recent centuries (Rudel et al. 2005). More recent forest transitions in temperate 
and tropical countries are disputed because of uncertain forest statistics (Grainger 2008; Rudel et 
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al. 2005). Improved and continued global forest monitoring and careful analysis of archival 
remote sensing imagery would allow more accurate forest measures. 
How are forest loss, forest regrowth, and the replacement of forests by tree plantations affecting 
forest biodiversity? 
Remote sensing measurements of forest area indicate a decline in tropical forest area 
from at least the 1980s onward, and forest regrowth has compensated for only some of the forest 
loss (Mayaux et al. 2005; DeFries et al. 2002; Hansen et al. 2008b). Characterizing the response 
of tropical biodiversity to deforestation and regrowth has been difficult because we lack 
extensive data on the movement of forest species across fragmented landscapes and on the 
conservation value of human‐modified habitats (Chazdon et al. 2009; Gardner et al. 2008). Even 
the area of tropical forest regrowth today is debated (Grainger 2008; Asner et al. in press) 
because of difficulties in distinguishing regrowth and tree plantations (Sanchez‐Azofeifa et al. 
2009). In other types of forests, evidence suggests that species‐rich mature (old‐growth) 
temperate forests are in decline, but there is limited global measurement of the rate of this 
decline or of logging disturbance in mature forests (FAO 2006; GOFC‐GOLD 2008). Improved 
and systematically collected, well‐calibrated observations about forests will enhance our ability 
to monitor and understand these changes. New remote sensing analyses of human‐modified 
landscapes could set conservation priorities and improve predictions of species persistence in 
modified landscapes. 




The idea that deforestation decreases rainfall is an old one (Marsh 1878), but it was 
difficult to scientifically test the idea until the advent of climate circulation models and regional 
forest maps (e.g., Malhi et al. 2009; Ramos da Silva et al. 2008). In Brazil, models predict that 
deforestation of approximately 40 percent of the Amazon rainforest would result in a large 
decline in rainfall throughout the basin and have notable consequences for agriculture in the 
eastern portion (Ramos da Silva et al. 2008). In Canada, increases in boreal forest cover may 
actually increase regional warming (Bala et al. 2007). Evaluating the effects of different patterns 
of deforestation on precipitation requires detailed, updated forest maps in areas that often have 
high cloud cover and rapid land‐use change. 
Forests will be a key indicator of change as climate change advances. Forests will 
continue to undergo changes in phenology (the timing of leaf‐out and leaf‐fall), productivity, and 
flammability (Goetz et al. 2005; Phillips et al. 2009). Coupled climate–carbon models predict a 
marked increase in respiration in tropical forests with warming and drying, which may set in 
place a positive feedback (Tian et al. 1998; Field et al. 2007). In the case of boreal and temperate 
forests, climate change is expected to drive significant range shifts and forest expansion in high 
latitudes (Loehle 2000; MacDonald et al. 2008). Coordinated monitoring of forests would create 
a valuable record of the effect of climate change on natural systems and provide a warning 
indicator of sudden shifts, such as changes in leaf water content before forest fires (Chuvieco 
2008). 
How do forests contribute to the global carbon budget and the “missing sink,” and how can 
forest carbon be measured and valued to mitigate climate change? 
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Terrestrial ecosystems absorb carbon dioxide through vegetation growth and emit carbon 
dioxide through metabolism and decay (respiration) and land‐cover change (e.g., deforestation). 
The amount of carbon stored in vegetation (its carbon stock) is roughly equivalent to the amount 
stored in the atmosphere, and about 87 percent of the carbon in aboveground vegetation is stored 
in forests (Houghton 2007; Le Toan et al. 2008). Strong evidence suggests that the terrestrial 
ecosystem has functioned as a carbon sink for the last 25 years, taking up almost a third of 
anthropogenic emissions (Canadell et al. 2007). However, the exact size and cause of this 
“missing sink” is not well known because the uncertainty in carbon sink and emissions estimates 
is very high (Canadell et al. 2007; Le Toan et al. 2008). Although evidence suggests a large 
carbon sink in the regrowing forests in the Northern Hemisphere, sinks in the tropics may also be 
important (Fan et al. 1998; House et al. 2003). Recent evidence suggests that this terrestrial 
“braking” on accelerating human fossil‐fuel emissions may be decreasing (Canadell et al. 2007), 
but without sound estimates of its original size, it is difficult to project what impact losing the 
missing sink will have on global climate change (Le Toan et al. 2008). 
A range of 7 percent to 30 percent appears to characterize the role of forest destruction in 
anthropogenic emissions (Canadell et al. 2007; IPCC 2007). There is intense interest in 
quantifying forest carbon for an international trading framework on reduced emissions (Herold 
and Johns 2007; Olander et al. 2008; Gibbs et al. 2007). Extrapolating from ground‐based plots 
underestimates spatial variation in forest carbon (Houghton et al. 2001; Houghton 2005), and 
ground data must be supplemented by accurate, real‐time maps of forest area and biomass 
(Waggoner 2009; Gibbs et al. 2007). 
What is the impact of forest cover on streamflows and erosion protection? 
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Although it is commonly accepted that forests play a significant role in protecting 
watersheds, there is relatively little evidence relating forest cover to flooding (Laurance 2007). 
Forest mapping and monitoring is critical to relating land‐use change to ongoing measurements 
of water quantity and quality. Active areas of research include the effective width and continuity 
of riparian buffers and the best configuration of regional forest cover to minimize soil erosion 
(Allan 2004). To improve our understanding of hydrology, erosion, and forests, we need to 
obtain more detailed measures of forest attributes and monitor forests in a systematic way to 
detect changes. 
How can rapid fire-detection and other forest observations by satellite improve forest 
management and certification? 
Satellite technology is capable of revolutionizing the management of forest areas. 
Real‐time fire‐detection systems could help combat wildfire and illegal clearing in remote 
forests, and high‐resolution imagery could improve monitoring and verification of forest 
management for sustainable harvest and carbon sequestration (Davies et al. 2009; Souza and 
Roberts 2005a). 
1.2     A Brief History of Global Forest Measurement and Remote Sensing 
Terrestrial ecosystems are the single greatest source of uncertainty in the global carbon 
budget (IPCC 2007). The total area of the global forest, its trend in recent years, the amount of 
biomass and carbon locked up in our forests—all these estimates, which would seem basic 




There is strong evidence that forests once covered many modern agricultural and arid 
landscapes, but regular monitoring of global forest area did not begin until the twentieth century 
(Williams 2008). The Food and Agriculture Organization of the United Nations (FAO) started 
reporting information about global forests in 1948, publishing an inventory every five years until 
1963, when the effort was halted because of poor tropical forest data (Grainger 2008). The FAO 
published two assessments of global forest resources in the 1970s (Mayaux et al. 2005), then 
resumed regular reporting in 1981. The organization published Forest Resource Assessments 
(FRA) for 1980, 1990, 2000, and 2005 (Grainger 2008). FAO reports have been widely criticized 
for inaccuracy (for example, see Waggoner 2009); errors in estimating forest area are attributed 
to changes in definitions of forests, revisions of estimates based on conflicting data, unreliable 
national inventory estimates, and data aggregation errors (Grainger 2008; Houghton 2005). 
Historical FAO estimates of forest area are demonstrably assumption‐dependent and do not exist 
for some countries (Grainger 2008; Houghton 2005). As Waggoner (2009) points out, it is 
unclear from FAO statistics whether global forest area is declining or growing. 
Remote sensing of forests began in 1972 with the launch of Landsat, the first in a series 
of Earth observations satellites in the Landsat program (DeFries 2008). The first continental 
scale maps of land cover were produced by Tucker et al. (1985) and Townshend et al. (1987) 
from 4 kilometer (km) resolution imagery from the Advanced Very High Resolution Radiometer 
(AVHRR) satellite, followed by the first global land-cover map from DeFries and Townshend 
(1994) at 1 degree resolution using AVHRR imagery. Loveland et al. (1999) produced a 1.1 km 
resolution global land-cover map from AVHRR satellite imagery, followed by several global 
land-cover maps at 0.5–1 km resolution (reviewed in Mayaux et al. 2005 and Achard et al. 
2007). The highest-resolution global land-cover map to date was produced in 2007 using data 
51 
 
from Europe’s Medium Resolution Imaging Spectrometer (MERIS) on the Environmental 
Satellite (Envisat) spacecraft (Bicheron et al. 2008). That map has a resolution of 300 meters 
(m). 
In addition to these global mapping efforts, numerous satellite imagery studies have 
monitored global forest area, especially in tropical areas (e.g., DeFries et al. 2002; Hansen et al. 
2008b; Achard et al. 2007; Mayaux et al. 2005). All satellite-based estimates have supported the 
FAO’s assertion that net tropical forest area has been declining for the last three decades 
(Mayaux et al. 2005; DeFries et al. 2002; Hansen et al. 2008b). For the 2000 FRA reports, the 
FAO sampled 10 percent of the global forest using satellite imagery, but these data were 
insufficient for national estimation in many countries (Tucker and Townshend 2000). For the 
2010 FRA, the satellite observation effort has been expanded globally to sample forest cover at 
latitudinal grid intersections (Mayaux et al. 2005). Because tropical deforestation is spatially 
concentrated near roads and agricultural frontiers, this analysis will only capture national 
deforestation trends in larger countries (Achard et al. 2007; Tucker and Townshend 2000).  
1.3     Diversity of Forest Types 
 The boreal, temperate, and tropical forests are estimated to contain about half of the 
terrestrial carbon with the majority of forest carbon stored in forest soils. The amount of carbon 
stored in forest soils varies by region because of temperature (see Table 1; Malhi et al. 1999). In 
boreal forests, aboveground forest carbon is the tip of an iceberg of soil carbon; low soil 
temperatures and forest shade slow decay and the release of soil carbon. The open boreal forest, 
which is composed of conifers and a few species of deciduous trees, stretches across the northern 
high latitudes (Malhi et al. 1999). Clouds, long northern winters, and short growing seasons 
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make some types of satellite observation of higher latitudes difficult (Kasischke and French 
1997). 
 
Table 1. Comparison of Estimated Area and Carbon Stocks of Forests at Different Latitudes 








High (boreal forest) 1372 65 343 88 471 
Middle (temperate 
forest) 1038 57 96 59 100 
Low (tropical forest) 1755 121 123 212 216 
Sum total 4165     359 787 
   Source: Dixon et al. 1994. 
 The temperate forests, with shorter winters, encompass deciduous forests, 
conifer‐dominated forests, and forests of broadleaf evergreens in drier areas (Malhi et al. 1999). 
Widespread historical clearing of temperate forests emitted significant amounts of carbon 
dioxide into the air from biomass burning and disturbance to carbon‐rich forest soils (Houghton 
2007). The term “secondary forest” describes forests that are regrowing after a disturbance, such 
as logging or fire. Much of the recent carbon uptake in northern latitudes is believed to reside in 
secondary forests, which are growing larger and storing soil carbon (Houghton 2005; Fan et al. 
1998). Satellite observations have difficulty detecting small changes in tree height and diameter 
in growing forests (Houghton 2005). 
Highly biodiverse tropical forests cover a large band around Earth’s rainy equator and 
can be classified by elevation (montane forests), tolerance (flooded forests, mangroves), and the 
length of the dry season, which can be nonexistent (evergreen tropical rain forest) or several 
months long (deciduous tropical dry forest). The most common forest type, tropical rain forest, is 
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characterized by tall trees (>30 m), dense canopies, and very high biodiversity (Malhi et al. 
1999). Tropical forests have been rapidly cleared in recent decades and about half of their carbon 
is stored in their living mass, which is emitted when they are cleared (Malhi et al. 1999; DeFries 
et al. 2002). Tropical forests evaporate (or transpire) immense amounts of water from their 
leaves. An estimated 50 percent of the rain in the Amazon basin is from transpiration (Salati and 
Vose 1984). The intense, daily cloudiness of tropical forests blocks the view of many types of 
satellites and decreases the frequency of clear, cloud‐free images (Asner 2001; Olander et al. 
2008). 
1.4     For Global Forest Measurement, Why Use Satellite Imagery? 
 To measure forests globally, satellite imagery is a practical necessity. Both aerial and 
ground observations are expensive at present and only cover small areas at a time; ground 
measurements are simply impossible over such a large land area (Houghton 2005; Patenaude et 
al. 2005). Detecting rapid changes in the area of remote tropical forests (both deforestation and 
regrowth) requires satellite mapping (Achard et al. 2007), as will detecting the northern 
expansion of boreal forests in a warming world (MacDonald et al. 2008). The greatest strengths 
of satellite‐based measurements are their unparalleled, unbiased measurements, their monthly to 
daily frequency, and—above all—their synoptic nature. Satellites provide a general view of the 
whole Earth that is unavailable to any other forest measurement method. For example, satellite 
imagery is well suited for detecting country‐level deforestation in a REDD (reducing emissions 
from deforestation and forest degradation) agreement (Olander et al. 2008), but also detects 




Satellites can measure forest quantities, like canopy chemistry or daily leaf phenology, 
that are arduous or impossible to collect with ground crews (Ustin et al. 2004; DeFries 2008). 
Although hand‐collected forest data are often more accurate than satellite measurements at the 
point and time the data are obtained, satellites collect data across broad areas, sampling the full 
range of variation in forest metrics and capturing broad trends and dynamic change in the 
world’s forests (Houghton 2005). As such, satellite data allow for integration across ground 
measurements, extending them to the global forest. Put simply, satellite imagery measures 
forests on continental scales, detects changes in forests that we do not expect or could not 
measure, and detects them in real time.   
1.5     Scope and Purpose 
 In this report, we evaluate the current and future technical capacity of satellite imagery to 
measure and monitor global forests. Other researchers have provided extensive reviews of 
current capacity (Andersson et al. 2009; Sanchez‐Azofeifa et al. 2009; Herold et al. 2008; 
Olander et al. 2008; Achard et al. 2007; DeFries et al. 2007; Patenaude et al. 2006; Mayaux et al. 
2005; Rosenqvist et al. 2003), and we summarize their findings here. We also predict future 
capacity from expected satellite launches and technological developments during 2009–2015. 
This time window effectively captures in‐development satellite technology (although satellites 
rarely launch on time) and allows an in‐depth look at how well we will be able to measure the 
world’s forests in the coming years. 
The widespread uncertainties in current forest measurement make improvements in 
global forest monitoring a scientific imperative. This report focuses on observations of forest 
area, biomass, and carbon, addressing the capacity of satellite imagery to answer questions posed 
above (Section 1.1). There are many characteristics of forests that are not well estimated globally 
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and are worth monitoring (Chuvieco 2008; Myneni et al. 2007; Gardner et al. 2007; Phillips et al. 
2009), including several that are important for answering individual questions above (e.g., 
fragmentation and forest biodiversity). Forest area, biomass, and carbon are basic forest 
measurements that are fundamental to answering scientific questions about forests (Kauppi et al. 
2006). As such, they represent a critical first step in global forest measurement. 
* * * * * * * * * * * * 
Chapter 4.  An Overview of Remote Sensing Capabilities for Forest Measurement:  
Current and Near-Term Technologies 
4.1     Forest Area: Current Measurement Methods 
 Global forest area is often measured as two classes (forest/nonforest) or binned (that is, 
categorized) into homogenous forest types that do not distinguish tree plantations or disturbed 
forests (Hansen et al. 2008b; Bicheron et al. 2008). Forests are quite distinct from most nonforest 
types of land cover, so forest/nonforest area can be measured with optical and SAR sensors with 
a high degree of accuracy (from 80 > 90 percent). Distinguishing more than two land‐cover 
classes, such as forests of different ages or composition, can still result in high accuracy, but 
classification accuracy usually decreases with an increasing number of forest classes (Foody 
2002) or when a larger area is examined (Olander et al. 2008). As a result, remote sensing is 
ideally suited to detect forest removal (deforestation or clear‐cutting) but less well suited to 
detect forest thinning or forest replacement by industrial tree plantations (DeFries et al. 2007; 
Sanchez‐Azofeifa et al. 2009). Challenges remain in distinguishing primary forests from tree 
plantations and older secondary forests (Kimes et al. 1999; Sanchez‐Azofeifa et al. 2009; Song et 
al. 2007; Thenkabail et al. 2004), and in detecting forest degradation, which is a reduction in 
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forest canopy cover or biomass that does not result in complete forest clearing (DeFries et al. 
2007). We explore these topics further below.   
4.1.1     Sensor Types and Measuring Forest Area 
 Each sensor type has different strengths and weaknesses for measuring forest area. 
Coarse‐ resolution sensors have the greatest capability for global coverage and high return times 
(Achard et al. 2007; Rosenqvist et al. 2003), but their pixel size causes them to miss the majority 
of deforestation events (Olander et al. 2008; DeFries et al. 2002; Sanchez‐Azofeifa et al. 2009; 
Morton et al. 2005). High‐resolution sensors enable measurement of tree crown area and fine 
delineation of forest composition and disturbance, but their small swaths limit their utility for 
repeated, cloud‐free global measurement (Andersson et al. 2009). By balancing a large swath 
size with spatial resolution that is able to detect the majority of land‐use change, moderate 
passive sensors are considered the best compromise for regional land‐cover monitoring (Achard 
et al. 2007; Olander et al. 2008; Andersson et al. 2009). Finally, hyperspectral and polarized 
SAR sensors have improved the ability to distinguish among forest types and map forest cover 
(DeFries 2008; Thenkabail et al. 2004; Hoekman and Quinones 2000). Analyzing their imagery 
can be technically difficult, however (Kasischke et al. 1997; Ustin et al. 2004). Future 
refinements in image fusion techniques and new satellite technology can be expected to improve 
measurements of forest area and type.   
4.1.2     Forest Area versus Measuring Change in Forest Area 
 Measuring forest area is distinct from measuring changes in forest area, for both 
practical and quantitative reasons. Practically, increases in forest area often result from 
landcover types that are quite spectrally distinct from the original forest and would not be 
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classified as forest area. In temperate and tropical areas, woody encroachment into grasslands 
creates spectrally and structurally distinct forests in unexpected areas, and forest regrowth on 
abandoned farms creates distinct secondary forests (Houghton 2005). Deforestation results in the 
conversion of forests to a variety of agricultural land covers, including spectrally similar tree 
plantations. Tropical forest regrowth is very rapid, making ten- to twenty-year-old forests 
difficult to distinguish from primary forest on a satellite image (see Section 4.1.5). 
From a quantitative standpoint, measuring change in forest area is distinct from 
classifying two land‐cover maps. To illustrate why, consider the most basic land‐cover change 
method, post‐classification; quantifying the changes between two classified land‐cover maps. In 
this method, high classification accuracy is critical because quantifying land‐cover change by 
comparing two land‐cover maps multiplies their respective errors (Lu et al. 2004). A multitude of 
other methods of quantifying land‐cover change over time are reviewed at length by Lu et al. 
(2004). There are several general methods for global land‐cover analysis. Image differencing 
subtracts two images and then classifies the areas that have experienced changes in spectral 
characteristics (e.g., greenness). Combined analysis fuses both images in the same dataset and 
then classifies the combined dataset, labeling the changes. Hybrid analysis identifies which 
pixels have changed between dates and classifies only the changed areas (Lu et al. 2004). 
In the discussion of measuring forest area below, we focus primarily on the accuracy of 
classified land‐cover maps because distinguishing land‐cover types is a necessary first step in 
accurately classifying changes in forest area. 
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4.1.3     Coarse Passive Sensors and Forest Area 
 There have been numerous global and regional efforts to map forests using 
coarse‐resolution sensors, and others have ably reviewed them (see Table 4 in Herold et al. 2008; 
Table 1 in Mayaux et al. 2005; and Table 2 in Achard et al. 2007). Efforts to create global 
land‐cover maps have used four satellites: AVHRR, MODIS, SPOT Vegetation, and 
Envisat/MERIS. Two main types of products have resulted from these mapping programs: 
land‐cover classifications and tree‐cover continuous fields (AVHRR and MODIS only). All these 
products have historically been freely available for download, increasing their use in global 
land‐cover analysis. 
The tree‐cover continuous fields maps are a part of an effort to produce continuous, 
subpixel estimates of vegetation traits from AVHRR and MODIS data (Hansen et al. 2003). 
These efforts use higher‐resolution Landsat and IKONOS data to train an algorithm that 
calculates percent tree cover for each coarse‐resolution pixel. This coarse‐fine fusion method 
yields estimates of forest cover that can be adapted for any forest definition and is capable of 
coarse distinctions of forest cover based on leaf type and density (Hansen et al. 2003). 
Land‐cover classifications assign one land‐cover class per pixel and have been ongoing 
since 1992 (AVHRR), 2000 (MODIS, SPOT Vegetation, and 2005 (MODIS, SPOT Vegetation, 
and Envisat/MERIS) (Herold et al. 2008). Currently the Envisat/MERIS 300 m resolution 
GLOBCOVER product is the highest resolution global land‐cover map. Maps of tropical forests 
have also been produced at 250 m resolution from MODIS (Bicheron et al. 2008; Hansen et al. 
2008b). Even just as static snapshots, these global maps have been important in climate and 
carbon modeling (DeFries 2008; Achard et al. 2007). 
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These coarse‐resolution mapping efforts have several limitations. The number of 
land‐cover classes differs between mapping efforts and land‐cover classifications are often 
difficult to assign in disturbed, heterogeneous, or transitional ecosystems (Herold et al. 2008; 
Mayaux et al. 2006). Simple, coarse‐resolution forest/nonforest classifications have between 
acceptable and high accuracy (Latifovic and Olthof 2004; Hansen et al. 2003). Coarse‐resolution 
classifications with multiple land‐cover categories have had poor to low accuracy in representing 
actual land cover (e.g., GLOBCOVER has 67 percent accuracy) (Bicheron et al. 2008; Latifovic 
and Olthof 2004; Mayaux et al. 2006). These land‐cover classifications (e.g., Ground Land 
Cover 2000, or GLC 2000; GLOBCOVER) do not always agree with each other (Giri et al. 
2005). Figure 17 indicates two different land‐cover maps, the GLC 2000 and MODIS continuous 
fields, which disagree markedly in Central America. The scientific effort Geowiki.org is trying to 
use volunteer input and high‐resolution imagery to revise conflicts between global land‐cover 
maps and improve their classification accuracy (IIASA 2009). 
The capacity of coarse‐resolution sensors to detect forest clearing and forest fires in 
almost real time is particularly important to slowing deforestation in the tropics, where it is 
difficult to monitor remote forests. We examine this later in the chapter (Section 4.4.2). The 
frequent return time of MODIS permits phenology‐based mapping of tropical deforestation with 
89 percent accuracy, for example Morton et al. (2005). With one‐day image processing, INPE 
uses MODIS imagery in a real‐time deforestation prevention program called Detection and 
Monitoring of Selective Logging Activities, or DETEX, to prevent large‐scale, illegal clearing in 
the Brazilian Amazon (DeFries 2008; Herold 2009). Coarse‐resolution imagery can only detect 
complete clearing and only detects a low percentage of actual deforestation that is greater 
than10–20 ha in size (Sanchez‐Azofeifa et al. 2009; Achard et al. 2007). In Costa Rica, for 
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example, only 10 percent of deforestation was detected (Sanchez‐Azofeifa et al. 2009). 
Coarse‐resolution imagery is best used, therefore, as a detection or sampling tool to target 
higher‐resolution sensors (i.e., the stratified sampling program mentioned in Section 3.4) 
(DeFries et al. 2007). 
The availability of frequent, free 250–300 m resolution imagery has improved 
deforestation detection and land‐cover mapping because the imagery matches the scale (6.25–9 
ha) of large‐scale forest clearings for farming and ranching and the approach can detect changes 
of around 10–20 ha in size (Figure 18, Achard et al. 2007). The NPOESS satellite series is 
intended to replace the MODIS and AVHRR satellites, but NPOESS will have 400 m to 1 km 
resolution (Townshend and Justice 2002), limiting it to detect only extremely large clearings 
between 16 ha to 100 ha in size. The Japanese GCOM‐C1 (with 11 bands at 250 m resolution) 
and the European Sentinel‐3 series (with 21 bands at 300 m resolution) may be better suited to 
continue the MODIS and Envisat/MERIS record (Appendix). It will be difficult to equal the 
combination of resolution, revisit time, and free imagery that the MODIS Terra and Aqua 




Figure 17: Coarse‐Resolution Classification Disagreements 
 
Note: Forest cover from Mexico to Panama classified by GLC2000 and by MODIS (A) and the 
disagreement between them (B). The red circle identifies a hot spot of disagreement in Guatemala and 
El Salvador. The Web tool allows one to validate these disagreements using high resolution satellite 
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imagery and GeoTagged Pictures (for example, Panoramio ) (C). 
Source: Created using GeoWiki, 2009. 
 The frequent revisit time of coarse‐resolution sensors allows for near‐daily monitoring of 
phenology, important for land‐cover classification and detection of future climate change as 
described in Chapter One (Morton et al. 2005; Goetz et al. 2005). Repeated passes that capture 
seasonal leaf dynamics can improve detection of seasonal tropical forests (e.g., Morton et al. 
2005) and coarse‐resolution imagery will remain useful for forest measurement well into the 
future. Given the usefulness of the vegetation continuous fields and the potential for automated 
subpixel detections of deforestation (e.g., DETER), coarse‐fine imagery fusions are an excellent 
method to increase the resolution of coarse‐resolution imagery (e.g., Hansen et al. 2003). 
Next‐generation geostationary satellites (GOES‐R, FY‐4) are expected to improve to 1 km 
resolution in the VNIR sometime around 2014. This change would enable real‐time monitoring 
of large‐scale deforestation, fires, and phenology and could provide dramatically improved 
inputs to carbon and climate models (Chuvieco 2008; DeFries 2008). 
4.1.4     Moderate Passive Sensors and Forest Area 
 Moderate passive sensors have resolution on a scale appropriate for forest management 
(Figure 18). The sensors are able to capture forest changes at the scale of one hectare in local 
analyses and two to five hectares in regional analyses (Olander et al. 2008; Achard et al. 2007). 
Forest/nonforest cover can be distinguished by moderate sensors with greater than 90 percent 
accuracy in local areas. Over larger areas accuracy declines to between 85 and 90 percent 
(Olander et al. 2008). Several forest mapping efforts use moderate‐resolution images; these 
include subnational and national wall‐to‐wall mapping (Achard et al. 2007; Herold et al. 2008) 




Global wall‐to‐wall collections of moderate‐resolution imagery could be constructed at 
considerable expense from IRS, SPOT, or DCM data, but the Landsat global mosaics are the 
only free, publicly available global imagery (Achard et al. 2007). As of 2009, “cloud‐free,” 
global Landsat mosaics for 1975, 1990, 2000, and 2005 have been created and efforts are under 
way to create an error‐free Landsat 7 mosaic for 2010 (Lindquist et al. 2008; Hansen et al. 
2008a). The Landsat mosaics contain date metadata for each component image to allow for 
correct interpretation—for example when calculating local deforestation rates. These global 
Landsat mosaics have been suggested by several authors as excellent sources for forest area 
reference maps for REDD (Gibbs et al. 2007; Olander et al. 2008; Achard et al. 2007). 
Although the global Landsat mosaics offer opportunities for mapping global forests, 
numerous challenges arise in analyzing them for forest area. Because of obstructions in coverage 
in cloudy areas, most nonconstellation moderate sensors (i.e., all except the IRS and DCM 
series) have de facto return times of a year or more in tropical areas (Asner 2001; Olander et al. 
2008). This limit can seriously compromise efforts to map seasonal forests, especially in tropical 
areas, because of the difficulty in distinguishing leafless forests during dry seasons when most 
imagery is acquired (Sanchez‐Azofeifa et al. 2009; Asner 2001). To develop the global Landsat 
mosaics, scientists were forced to knit together images taken over several years (e.g., 1986–1991 
for the 1990 mosaic). Even then, unacceptable levels of cloud cover persisted in about 25–30 
percent of the Landsat mosaic images in Ecuador (Olander et al. 2008) and 16 percent of mosaic 
images in the Congo Basin (Lindquist et al. 2008). Aside from the detection of seasonal forests, 
automated classification of Landsat mosaics requires correction for the variety of sun 
illumination angles (known as radiometric correction) and the creation of global or regional 
algorithms to classify different land covers (Lu et al. 2004; Schroeder et al. 2006; Bicheron et al. 
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2008). Landsat classification algorithms developed in one region are unlikely to be accurate in 
another region even if the regions are similar (e.g., Foody et al. 2003).   
Figure 18. Resolution of Sensors Relative to Ecological Measurements 
 
Note: The dotted boxes indicate the temporal and spatial scale of ecological processes and human 
disturbances.  The solid colored boxes show the spatial scale and temporal record length of selected 
satellite and airborne sensors (GOES—beige ; MODIS--green; LiDAR/Radar—pink-purple; Landsat/Earth 
Observing One [EO-1]--yellow; IKONOS/Quickbird/Airborne—light blue). 
Source: Chambers et al. (2007). 
Regional wall‐to‐wall mapping efforts, global sampling efforts, and one global, 
moderate‐resolution land‐cover map (GeoCover LC; Cunningham et al. 2002) indicate that these 
challenges could be overcome. The current moderate‐resolution GeoCover LC map has mixed 
global accuracy (72 percent) and very broad forest classes (Cunningham et al. 2002). An 
accurate, detailed 30 m resolution forest map would be a significant, tenfold improvement in 
global land‐cover mapping (Bicheron et al. 2008). Re‐processing the global 30 m Landsat 
archive (1983–present) to create a season‐appropriate, cloud‐free, and radiometrically corrected 
65 
 
imagery time‐series is feasible with current technology, although the project would be 
computationally intensive. Algorithms have been developed recently to eliminate clouds and 
cloud shadows as well as to improve the Landsat mosaics by fusing together, or compositing, 
time‐series of Landsat and MODIS images (Lindquist et al. 2008; Roy et al. 2008; Hansen et al. 
2008a). In addition, automated radiometric correction, which is often difficult in all‐forest 
images, has been demonstrated on a series of Landsat images (Schroeder et al. 2006; Xian et al. 
2009). 
4.1.5     Moderate-Resolution Imagery and Land-Cover Classification 
The literature on land‐cover classification with moderate‐resolution imagery is extensive 
(partially reviewed in Sanchez‐Azofeifa et al. 2009; Patenaude et al. 2005; Olander et al. 2008; 
and Coppin et al. 2004). Because classification accuracy generally decreases with an increasing 
number of classes (Foody 2002), we use the land‐cover classification hierarchy of Anderson et 
al. (1976) when referring to the accuracy of different classifications. In this hierarchy, a Level I 
classification distinguishes basic classes (forest, nonforest vegetation, agricultural, urban) and a 
Level II classification distinguishes more land‐cover classes, including forest types. As 
mentioned above, Level I accuracy in excess of 85 percent is usually observed with 
moderate‐resolution imagery, with higher accuracy at higher resolution (Salajanu and Olson 
2001; Peterson et al. 2009). Generally, accuracy decreases with an increasing number of classes. 
Published Level II classifications have ranged from 65 to 85 percent accuracy (references in 
Patenaude et al. 2005). In general, extending Level II classification algorithms developed in one 
region to other regions is a technical challenge that is not always met (Sanchez‐Azofeifa et al. 
2009; Loveland et al. 2002; Xian et al. 2009; Rogan et al. 2008; Foody et al. 2003).  
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Distinguishing among forest types, forest ages, degraded and intact forests, and 
tree‐based agroecosystems can also be challenging (Sanchez‐Azofeifa et al. 2009; Olander et al. 
2008; Patenaude et al. 2005). In temperate forests, Salajanu and Olson (2001) were able to 
classify a forested area in Michigan to Level 1 with 89–91 percent accuracy, but accuracy 
decreased to 77–84 percent for distinguishing 10 forest types. In Siberia’s Baikal region, 
Peterson et al. (2009) were able to distinguish four boreal forest classes with 80–98 percent 
accuracy. In tropical forests, Thenkabail et al. (2004) found that moderate‐resolution, 
multispectral sensors had poor (40–50 percent) accuracy in distinguishing nine forest types and 
ages. By contrast, Sesnie et al. (2008) were able to discriminate 17 forest classes with 93 percent 
accuracy using a fusion of spectral, DEM, and climatic GIS layers. Sesnie et al. (2008) had 69 
percent accuracy with spectral classes alone, indicating that detailed Level II classification in 
tropical areas may require GIS fusion or hyperspectral data. We explore this further below 
(Section 4.1.6). 
In both tropical and temperate zones, moderate‐resolution imagery cannot distinguish 
forest regrowth from mature forest after 15–30 years of growth (Steininger 1996, 2000; Nelson 
et al. 2000; Song et al. 2007; Fiorella and Ripple 1993). Partially logged or cleared forests have 
long been difficult to distinguish from intact forests (Sader et al. 2003; Wilson and Sader 2002; 
Achard et al. 2007), but recently, promising spectral analysis techniques have been developed to 
map subpixel forest degradation in the Brazilian Amazon using moderate‐resolution imagery 
(Asner et al. 2005; Souza et al. 2005b). 
In the tropics, distinguishing forests from tree‐based agriculture (i.e., agroforestry, tree 
plantations) is difficult using moderate‐resolution imagery; the plantations often appear similar 
to secondary forests (Sanchez‐Azofeifa et al. 2009). In Malaysia, Baban and Yosuf (2001) were 
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able to distinguish rubber plantations with 74 percent accuracy and found that plantations were 
most often confused with intact forests. Sesnie et al. (2008) were able to distinguish tree 
plantations with approximately 90 percent accuracy in Costa Rica, but accuracy decreased to 55 
percent when the entire image was examined across diverse plantation types. Kuplich et al. 
(2000) were able to distinguish planted Eucalyptus and Pinus forests with 89 percent accuracy in 
a fragmented Brazilian agricultural landscape. In eastern Ecuador, Santos and Messina (2008) 
used Landsat 7 to do a Level II classification of an oil palm‐secondary forest landscape with 77 
percent accuracy. 
Despite these challenges in Level II classification of forests, classification of moderate‐ 
resolution imagery has progressed significantly in recent years (Coppin et al. 2004). One 
promising approach is the classification of land‐cover trajectories over time (rather than static 
images) made possible by the recent opening of the Landsat image archive (Kennedy et al. 2007; 
Masek et al. 2008; Coppin et al. 2004; Song et al. 2007). For example, Helmer et al. (2009) 
mapped age classes of tropical forest regrowth with very high accuracy by using the entire, 
37‐year Landsat archive to age regrowth on previously cleared pixels. This new trajectory 
classification method, in addition to the compositing methods mentioned above (Hansen et al. 
2008a), underscores the importance of long, continuous time‐series of moderate‐resolution 
imagery to land‐cover analysis (and the critical nature of the success of the LDCM). 
4.1.6     Hyperspectral Sensors: Forest Area and Beyond 
 Hyperspectral images, although they have limited global coverage, are markedly better 
(e.g., 40–70 percent better) than multispectral moderate‐resolution images in distinguishing and 
mapping diverse forest types and other land covers (Thenkabail et al. 2004; Ustin and Xiao 2001; 
Goodenough et al. 2003). Even though the potential is still being explored, hyperspectral images 
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already have a wide diversity of applications due to the ability to measure the absorption of light 
by chemicals. This ability in turn allows direct measurement of leaf chemistry and the 
quantification of photosynthetic and non‐photosynthetic (woody) cover (Asner and Martin 2009; 
Chambers et al. 2007; Ustin et al. 2004). Hyperspectral imagery improves measurement of LAI 
(Lee et al. 2004; Schlerf et al. 2005), forest productivity (via canopy nitrogen; Smith et al. 2002; 
Ollinger and Smith 2005), canopy structure (Arroyo‐Mora et al. 2009), and drought stress (Asner 
et al. 2004). The imagery also makes new measurements of forest diversity possible, including 
canopy leaf ecophysiology (Asner et al. 2009) and the discrimination of individual species and 
species groups (Goodwin et al. 2005; Asner et al. 2008; Clark et al. 2005). Moderate‐resolution 
hyperspectral imagery, which will become widespread in the next few years as the EnMap, 
HyspIRI, and several other satellites are launched, has the potential to revolutionize forest 
biodiversity measurements in a new science of “remote spectranomics” (Asner and Martin 
2009). Although many new hyperspectral sensors will have relatively narrow swaths and may be 
unsuited for global forest measurement, the HyspIRI sensor will have a 90 km swath (Appendix) 
and is likely to markedly improve the accuracy of land‐cover mapping.   
4.1.7     High-Resolution Passive Sensors: Forest Area in Focus 
 Because high‐resolution passive sensors have a narrow swath and pointable, interrupted 
coverage, there are currently no continuous global land‐cover maps or cloud‐free image mosaics 
at high resolution (Loarie et al. 2007). GeoEye’s constellation will be mapping the entire globe 
in the next few years (Mark Brender, pers. comm.), but cloud‐free imagery is unlikely to result 
(Asner 2001; Olander et al. 2008). SPOT‐5 has continuous global coverage at 10 m resolution, 
but the imagery has not been analyzed. RapidEye, a high‐resolution constellation with daily 
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repeat capacity  (launched in 2008–2009), has the potential to develop cloud‐free, continuous 
global maps (RapidEye 2009). 
Currently, Google Earth has the largest collection of global high‐resolution imagery, but 
the imagery is from a variety of satellite and airborne sources with differing resolutions and 
undisclosed dates (Potere 2008). Google Earth may not yet be useful for strict change detection 
on a global scale, but the approach is very useful for land‐cover validation and visualization 
(e.g., IIASA 2009; Bicheron et al. 2008; Helmer et al. 2009; Olander et al. 2006). The same 
result is true for high‐resolution imagery in general: the imagery is an inefficient way to map 
global forests due to irregular spatial sampling (Loarie et al. 2007; Andersson et al. 2009), 
relatively high cost (Olander et al. 2008; Andersson et al. 2009), data‐sharing restrictions, and 
radiometric correction challenges (e.g., variable canopy shadowing) (Goetz et al. 2003; 
Andersson et al. 2009). Current policies about access to data restrict the sharing of original data 
but allow sharing of data products, such as basic maps, for almost all high‐resolution imagery. 
However, the imagery is useful for identifying local land covers (Wulder et al. 2004) and forest 
disturbance (Thompson et al. 2008; Wulder et al. 2008; Souza and Roberts 2005a), and even 
following the population dynamics of individual tree species (Clark et al. 2004a). 
High‐resolution imagery has immense utility for ground‐truthing lower resolution imagery, both 
as a fine‐scale validation tool and as training data for algorithms (e.g., Hansen et al. 2003; Wang 
et al. 2005). 
Although high‐resolution imagery does not have the spectral resolution of other sensors 
(most notably missing the short‐wave infrared [SWIR] bands), the imagery contains additional 
information on the shape and texture of objects in the landscape that lower‐resolution imagery 
lacks (Goetz et al. 2003). The accuracy of high‐resolution imagery in distinguishing Level I land‐ 
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cover classes in forested landscapes is very high—in the range 95 percent and greater (Townsend 
et al. 2009). As such, the imagery is often used as a tree‐cover validation for lower resolution 
imagery either visually (e.g., Kozak et al. 2008; Neigh et al. 2008) or quantitatively (Knorn et al. 
2009; Hansen et al. 2003; Wang et al. 2005). Because spectral information is limited (often four 
bands) and spatial algorithms are still under development, high‐resolution imagery is less 
accurate at Level II classifications (~70–90 percent; Ouma et al. 2008; Mallinis et al. 2008; 
Gergel et al. 2007; and Morales et al. 2008). The high‐resolution sensors are capable of 
distinguishing small‐scale land covers and disturbances that do not appear in moderate‐resolution 
imagery, such as riparian strips (Gergel et al. 2007), pest outbreaks (Wulder et al. 2008), and 
logging (Souza and Roberts 2005a), and the visual interpretation of the high‐resolution imagery 
is straightforward (Wulder et al. 2004). Automated crown‐delineation techniques have been 
developed recently (Broadbent et al. 2008; Palace et al. 2008), and high‐resolution imagery 
shows potential for using crown size to classify secondary forests that are older than 20 years 
(Clark et al. 2004a; Kayitakire et al. 2006). 
4.1.8     SAR Sensors and Passive-SAR Fusions for Forest Area 
 SAR has potential for global forest mapping, and SAR capabilities have been extensively 
reviewed elsewhere (Patenaude et al. 2005; Rosenqvist et al. 2003; Lu 2006; Balzter 2001; and 
Kasischke et al. 1997). Here, we simply summarize the main conclusions of prior research and 
focus on recent developments in SAR research. SAR distinguishes land cover based on the 
strength of backscatter, the variation in backscatter over space (texture), and, depending on the 
analysis, temporal variation in backscatter signatures. Regional maps of forest cover have been 
derived from SAR sensors including the Global Rainforest Map (JERS sensor; Rosenqvist et al. 
2000) and the Central Africa Mosaic project maps (ERS sensors; De Grandi et al. 1999). The 
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ALOS Pathfinder mission has created the first global L‐band SAR forest map at 50 m resolution, 
and the mission will continue to do so annually (J. Kellndorfer, pers. comm.). 
Scientists fully appreciate the potential of satellite SAR sensors to distinguish land cover; 
their capabilities are well known from analysis of data from advanced airborne SAR sensors and 
the multi‐polar, multiband SAR sensor (C‐, X‐, and L‐band) aboard the 1994 SIR‐C/X shuttle 
mission (Kasischke et al. 1997; van der Sanden and Hoekman 1999). In general, single‐band 
SAR sensors with one polarization (e.g., ERS‐1, JERS‐1) have variable accuracy (low to very 
high) in Level I classifications depending on topography, surface moisture, and the structural 
complexity of the landscape (Patenaude et al. 2005; Kellndorfer et al. 1998; Podest and Saatchi 
2002). As the number of polarizations or SAR bands increases, Level I accuracy can be very 
high (>90 percent), rivaling or exceeding passive sensors (Dobson et al. 1995a; Kellndorfer et al. 
1998; Patenaude et al. 2005). Level II accuracy is also very dependent on the number of 
polarizations and bands employed, achieving accuracies between 70–90 percent (Kasischke et al. 
1997; Kellndorfer et al. 1998). Dobson et al. (1995a), notably, have very high Level I and II 
regional accuracy with polarized, multiband data in Michigan forests. Saatchi et al. (1997), with 
multipolar SIR‐C/X data, are able to measure Amazon forests with very high (92 percent) Level I 
accuracy and acceptable (72 percent) Level II accuracy. The L‐band JERS‐1 and ALOS Phased 
Array type L‐band Synthetic Aperture Radar (PALSAR) sensors have been shown to have very 
high Level I accuracy when classifying several different forested regions (Thiel et al. 2006; 
Saatchi et al. 2000; Kellndorfer et al. 2008). Because of the high SAR reflection from water, 
longer wavelength sensors have created highly accurate maps of mangroves and floodplain 
forests (Costa 2004). 
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The accuracy of SAR sensors is affected by ecosystem structure (Almeida et al. 2007; 
Kellndorfer et al. 1998, 2004), variability in soil and vegetation moisture (Kasischke et al. 1997), 
and topography (Kellndorfer et al. 1998). High‐resolution digital elevation maps are necessary to 
correct for topographical distortions; accuracy decreases markedly without effective correction 
(Kellndorfer et al. 1998; Ticehurst et al. 2004). Because of its high moisture sensitivity, the 
C‐band is the least useful for land‐cover classifications, although its utility for Level I 
classification increases when multiple polarizations are used (Saatchi et al. 1997; van der Sanden 
and Hoekman 1999; Kasischke et al. 1997). 
Recent research in SAR land‐cover mapping has investigated the potential of 
optical‐SAR fusions (Saatchi et al. 2007; Santos et al. 2008) and InSAR for improved landscape 
classification (Balzter 2001; Engdahl and Hyyppa 2003; Park and Chi 2008). Interferometric 
SAR can improve classifications by adding vegetation height information to other SAR measures 
like texture and backscatter (Balzter 2001). Optical‐SAR fusions shows promise for synergistic 
landscape classification (Kasischke et al. 1997; Kuplich et al. 2000). In Indian dry forests, fusion 
of moderate‐resolution passive and Envisat ASAR C‐band data improved Level II classification 
(>90 percent) (Chand and Badarinath 2007). In Amazonia, Kuplich et al. (2000, 2006) found 
Landsat–SAR fusions improved Level 2 classifications over Landsat or SAR alone, and Saatchi 
et al. (2007) used a SAR‐optical fusion to derive vegetation and biomass classes for the entire 
basin. Santos et al. (2008) found that a Level II classification of oil palm plantations and forests 
was improved by a passive– SAR fusion, to 90 percent from 76 percent (SAR) and 77 percent 
(Landsat). In central Africa, Mayaux et al. (2000) used AVHRR and ERS data fusion to classify 
forests, savannas, mangroves, swamp forests, and tree plantations with 75 percent accuracy. 
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Given the large number of SAR constellations planned for launch in the 2009–2015 
period, it is likely that InSAR, multiband SAR fusions, and optical–SAR fusions will become 
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Abstract 
Forest protection policies potentially reduce deforestation and re-direct agricultural 
expansion to already-cleared areas. Using satellite imagery, we assessed whether deforestation 
for conversion to pasture and cropland decreased in the lowlands of northern Costa Rica 
following the 1996 ban on forest clearing, despite a tripling of area under pineapple cultivation in 
the last decade. We observed that following the ban, mature forest loss decreased from 2.2% to 
1.2% per year, and the proportion of pineapple and other export-oriented cropland derived from 
mature forest declined from 16.4% to 1.9%. The post-ban expansion of pineapples and other 
crops largely replaced pasture, exotic and native tree plantations, and secondary forests. Overall, 
there was a small net gain in forest cover due to a shifting mosaic of regrowth and clearing in 
pastures, but cropland expansion decreased reforestation rates. We conclude that forest 
protection efforts in northern Costa Rica have likely slowed mature forest loss and succeeded in 
re-directing expansion of cropland to areas outside mature forest. Our results suggest that 
deforestation bans may protect mature forests better than older forest regrowth and may restrict 
clearing for large-scale crops more effectively than clearing for pasture. 
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Keywords: Costa Rica, deforestation, agricultural intensification, land sparing, protected areas, 
payments for environmental services (PES), tree plantations, remote sensing 
1.    Introduction 
Lowland tropical rainforests are under threat from agricultural expansion, particularly in 
areas with fertile soils [1–4]. Increases in global agricultural production are needed to meet the 
projected 70–100% growth in food demand by 2050 [5, 6]. Higher yields are likely to account 
for most of the production increase, but tropical forests are threatened with future conversion to 
staple and luxury crops [7]. Although high-yield, high-input (‘intensive’) agricultural production 
has been proposed to relieve agricultural pressure on natural habitats through ‘land-sparing’ [5, 
8, 9], export-oriented, intensive agriculture remains a leading driver of habitat destruction in 
many tropical regions [2, 10–12]. By increasing the profitability of agriculture, intensive 
cropping systems have the potential to increase expansion into forests [13, 14], or become ‘land-
hungry.’ To promote agricultural intensification while protecting tropical forests, effective and 





Figure 1. Pineapple production in Costa Rica and globally over the last two decades [40]. Both 
global and Costa Rican production have grown along with area harvested (panels (A) and (B)). 
Pineapple yield per hectare has been dropping in Costa Rica in the last decade (panel (C)), so 
most new production has come from expansion as farm-gate prices have risen (panel (D)). 
 
 
Unfortunately, options to protect forests on private land are limited in regions with high 
potential return from agriculture [14]. Protected areas have been successful in limiting 
agricultural expansion into forest [17–19], but establishing parks in productive agricultural 
regions increases their negative economic impact [14, 20, 21]. Payments for environmental 
services (PES) can give landowners incentives to retain forest cover, but they directly compete 
with high returns from agriculture [14, 22] and depend on volunteer subscription [23]. Partial 
land-use restrictions (e.g., slope protections, riparian buffers, logging bans) have had mixed 
success in combating deforestation for agriculture, in part because of the difficulties in enforcing 
selective bans on clearing activities across large areas [16, 24–30]. All forest protection efforts 
may displace deforestation to unprotected areas [16, 31–34]. 
Can policies that mandate forest protection outside parks maintain forest cover without 
negatively affecting production in regions under agricultural pressure? In the fertile humid 
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lowlands of northern Costa Rica, we examined changes in deforestation and regrowth in the 
context of rising agricultural pressure and the implementation of a country-wide deforestation 
ban. Regional moratoriums on forest clearing, which have been tried in a few countries [28, 35–
38], may be hard to maintain long-term in the face of economic trade-offs [7, 16, 21, 39]. The 
Brazilian soy moratorium and Chinese logging ban contributed to local declines in forest loss 
([17, 32], although see [33]), and the recent Indonesian forest concession ban is restricted to 
primary and peat forest [38]. 
Costa Rica’s ban may be the most restrictive in that it covers the entire country, it 
provides few exceptions for acceptable deforestation, and it allows only regulated logging under 
its own guidelines for sustainable forestry [39]. Costa Rica is a global leader in both conservation 
and intensive tropical agriculture; a fifth of the country has some type of protected status [7], and 
it has some of the highest yields per hectare of bananas and pineapples in the world [40]. In the 
last two decades, Costa Rica has extended its conservation efforts to private lands, banning 
deforestation country-wide in 1996 [37, 39] and implementing a payments for environmental 
services (PES) program to protect forests and promote reforestation within nationally designated 
biological corridors [23, 37, 41, 42]. The 1996 Forest Law was the outcome of several decades of 
increasingly conservation-oriented forest policies, including establishing the national park 
system (1969) and subsidies for tree plantations (1979) [43]. If Costa Rica truly represents a 
‘model’ for conservation in developing countries, the success of its policies on private lands 
should indicate their potential applicability elsewhere [23, 44]. The 1996 Forest Law lowered 
deforestation rates shortly after its passing [37, 45], but its long-term effectiveness has not been 
evaluated, especially in light of the recent boom in pineapple production (figure 1). In the last 
decade, production of pineapples in Costa Rica has soared due to cheap labor, improved 
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varieties, and extensive pesticide and fertilizer use [46, 47]; this reflects an 88% increase in 
global pineapple area from 1986 to 2010 ([17]; figure 1). 
In this letter, we quantify the changes in forest cover and agricultural expansion in 
northeastern Costa Rica to examine the effectiveness of the 1996 Forest Law in reducing 
deforestation. The Law banned clearing of forests, legally defined as at least 70% cover over 2 
ha by 60 diverse tree species >15 cm DBH [48]; this definition omits most natural regeneration 
less than 8–12 yr in age [49]. We expected that if forest protection policies have been effective, 
deforestation would have declined and pressure on available land would have risen, lowering the 
rate of forest regrowth and directing agricultural expansion onto land not defined as forest. A 
decline in deforestation accompanied by increasing agricultural production would indicate that 
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clearing and facilitating cattle production promoted deforestation and colonization [43] while 
agrarian reform programs were largely limited to redistribution of already-cleared estates [50]. In 
the 1980s a drop in beef prices and end of beef subsidies led to pasture abandonment in other 
regions of Costa Rica [51], but the northeast experienced a consolidation of producers without a 
decline in deforestation for pasture [52]. Recent decades have seen rapid local population 
increase, improved road connections to the capital, rising export-oriented crop production, and 
increased PES payments through the Forest Law [37, 52]. The northeastern lowlands retain some 
of the largest patches of forest outside protected areas in Costa Rica [43]. Much of this region is 
now part of the San Juan-La Selva Biological Corridor (SJLSBC), a highly forested area of 
private land (2466 km2) that connects two large, forested parks (figures 2(A) and (B)). We 
mapped the SJLSBC and adjacent areas (20 km buffer) within Costa Rica (hereafter, the ‘study 
region’), focusing on the wide coastal plain drained by the San Juan River (<500 m elevation) 
along the Nicaraguan border. This large region (6617 km2) has low variability in rainfall (3:2 +/-  
0:8 m yr-1) and elevation (108 +/- 98 m), with central ranges of low hills cut by broad river 
valleys giving way to coastal plains to the east. In this focus area, we mapped changes over time 
in two types of legally protected mature forest (forest >30 years in age: includes mature lowland 
forest and swamp forest), two types of regrowth (exotic tree plantations, and native reforestation 
(natural regeneration and native tree plantations)), four crop types (banana, pineapple, sugarcane, 
heart-of-palm), pasture, urban areas, and bare soil (table S2 and a detailed description of methods 
are available at stacks.iop.org/ERL/8/034017/mmedia). Native reforestation includes both 
natural regeneration and native tree plantations because of our inability to separate them due to 
their spectral similarity. Overall accuracy for the resulting land cover maps for each year ranged 
between 90% and 96% (table S4), with forest change over time classified with 93% accuracy 
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(table S5). Using these land cover maps, we first assessed whether deforestation and regrowth 
rates changed over time in a manner consistent with an effective deforestation ban, and second 
whether the expansion of croplands and pastures into forest changed following the ban. 
3.    Results 
From 1986 to 2011, the region experienced persistent losses of mature forest cover that 
were spatially concentrated in remote portions of the study area (figure 3, figure S2). The loss of 
mature forest slowed after the 1996 deforestation ban, but remained at ~1% rate of annual loss 
(figures 3 and 4).  Most mature forest cleared was converted to pasture, both before and after the 
1996 ban (figure S3). However, after 1996, clearing of mature forest for cropland declined as the 




Figure 3. (A) Rate of mature forest loss at each time interval, estimated from single-date image 
classification. The mean rates of forest loss declined from 2:20% yr-1 pre-ban (1986–1996) to -
1:38% yr-1 post-ban (1996–2011). Means and non-overlapping 95% confidence intervals for the 
pre-ban and post-ban periods are shown, in addition to the rate of forest loss over shorter time 
periods. (B) Total forest (mature forest, native reforestation, and exotic tree plantations) loss rate, 
with non-overlapping 95% confidence intervals. The rate of total forest loss was derived from 
three image dates and change detection analysis independent from mature forest area estimates 







Figure 4. Per cent of total land area in each land cover category over time within the study area.  
Error bars are 95% confidence intervals. Total forest cover is the sum of mature forest, native 
reforestation (natural regeneration and native tree plantations), and exotic tree plantations. 
 
 
Cropland has expanded rapidly in the region, led by an increase in pineapple cultivation 
in the last decade (figures 2(B), 4 and 6). Cropland expansion after 1996 has primarily replaced 
pasture and exotic tree plantations, with some cropland clearing expanding into native 
reforestation (figure 6). Expansion of all three dominant types of agriculture (banana, pineapple, 
and pasture) sharply shifted away from mature forest after 1996, with banana having the largest 
proportional decline in forest expansion (figure 5). Pineapple did not expand into forest 
extensively at any time, but the proportion of pineapple expansion derived from mature forest 
dropped by 50% post-ban (figure 5). The expansion of pasture into mature forest was less 
frequent after 1996, but the proportion of pasture expansion derived from mature forest clearing 
remained high relative to clearing for pineapple and banana (figure 5, figure S7). 
Because of extensive native reforestation (1428 ha yr-1 of natural regeneration and native 
tree plantations), total forest cover (including all mature and regrowth forest types) has remained 




Morse et al [37] for this study region appears to have been compensated recently by a rise in 
reforestation from 2005 to 2011. Native reforestation, after an initial pulse from 1986 to 1996, 
has fluctuated around a relatively constant overall area (figure 4), with widespread clearing and 
regrowth occurring across the landscape (5–10% turnover in regrowth per year; figure S4). 
Young native reforestation, lacking legal protection, had high rates of clearing indicative of 
clearing of natural regeneration rather than young tree plantations (figure S5). Older reforestation 
>15 years in age had intermediate rates of clearing in comparison to mature forest (figure S5). 
Older reforestation may include native tree plantations, but visual inspection of aerial imagery 





Figure 5. The expansion of banana, pineapple, and pasture into other land covers over time.  
From 1986 to 1996, pasture expanded into mature forest proportionally more often than it was 
represented in the landscape (see figure 4). After 1996, all land covers decreased their 
proportional expansion into mature forest and increased their proportional expansion into native 






Figure 6. Conversions of other land uses to cropland. The percentage of total land converted to 
cropland from mature forest is labeled in dark green. 
 
 
Conversion of forest regrowth to cropland was largely one-way: we observed that 
cropland was one third as likely as pasture to revert to native reforestation over our time period. 
Just 4% of cropland areas were abandoned or converted to reforestation compared to 11.6% of 
pastures over our time period. 
4.    Discussion 
These results suggest that the deforestation ban did not completely halt mature forest loss 
after 1996, but was associated with a 50% decline in the rate of mature forest conversion (figure 
3). Although we cannot say with certainty that the land cover changes following the ban were 
caused by it, the ban and accompanying forest protection PES coincide with the rapid decline in 
mature forest loss after 1996. This reduction in deforestation occurred while regional population 
grew (2–8% yr-1; [52, 53]) and export-oriented agricultural pressure increased. Whether the 
reduction would have occurred without the ban is not possible to know. However, Morse et al 




in the absence of forest protection policies, suggesting that the policies were effective in 
reducing deforestation rates. Gross deforestation rates elsewhere in Latin America were high 
from 2001 to 2010 (>5% a year, [54]). Net deforestation (reforestation–deforestation) in Latin 
America was steady during the 1990–2010 period, declining slightly in Central America (-1.49 
for 1990–2000 to -1.13% for 2000–2010) and staying steady in South America (-0.45% to -
0.41%) [55]. 
The deforestation ban may have promoted land-sparing by preventing forest clearing for 
export-oriented cropland; regional agricultural production rose while forest loss declined. From 
1996 to 2011, the per cent of land area in pasture stayed relatively steady, while cropland tripled 
from 4.5% to 13.3% of total land area in the study region (figure 4). Despite the expansion in 
cropland, the proportion of cropland derived from mature forest conversion was 16.4% pre-ban 
and <3:1% post-ban (figure 6). The establishment of forest protection policies was associated 
with a switch by intensive agriculture between ‘land-hungry’ (forest-demanding) and ‘land-
sparing’ (forest-avoiding) expansion. 
It is possible that clearing patterns were affected by a strong preference for already-
cleared areas by export-oriented cultivators and/or by the change from banana to pineapple 
dominance. The rapid expansion of pineapple post-ban may be attributable to a preference for 
pineapple to expand onto low-fertility and non-forest lands (figure 5, figure S6), but both 
pineapple and banana cultivators appeared to respond to the ban by decreasing their likelihood of 
expansion into mature forests (figure 5). The substantial clearing of mature forest for banana 
prior to the ban, despite available pasture (figures 5 and 6, figure S6), implies that export 
cultivators readily clear mature forest when soils are suitable or when required for establishing 
large-scale plantations. This phenomenon has been observed in numerous other tropical regions 
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[10–12, 15, 56]. In this study region, extensive mature forest persists on flat, well-drained soils 
(figure S6); the extent of forest suitable for cropland is comparable to the area currently under 
banana and pineapple cultivation. Some clearing of mature forest for pineapple and banana 
occurred after 1996 and clearing of native reforestation for crops increased post-ban (figures 5 
and 6), indicating that cropland expansion in forest habitats was common but re-directed by the 
ban away from mature forest. 
Continued conversion of mature forest to pasture might result from cropland expansion 
displacing pasture to other areas. If we assume complete displacement of pasture to elsewhere in 
the study area, we estimate that at most 10–50% of deforestation to pasture resulted from 
cropland expansion in the years 1986–2005. After 2005, 100% displacement is possible because 
cropland expansion on pasture exceeded deforestation, which was at a historical low (figure 3). 
We cannot rule out the possibility that displacement of deforestation occurred inside and outside 
our region [31, 34]. Costa Rica has increasingly displaced wood consumption internationally 
since the late 1980s [34]; roughly three-quarters of post-ban wood imports came from temperate 
countries [34, 40]. 
Regrowth turnover and declining pasture area indicate that pressure on available land 
rose after 1996, but we did not observe the expected post-ban decline in the area of forest 
regrowth. This may result from the selective abandonment of pastures that are less suitable for 
crops and/or the success of reforestation PES. Natural regeneration of pasture in this landscape 
has historically been quite dynamic [57]. Young fallows have been cleared quickly since 1996, a 
pattern attributed to farmers’ reluctance to allow land to approach the successional stage which 
meets the legal definition of forest [37, 58]. In this sense the 1996 Forest Law created a perverse 
incentive to clear regrowth [58]. In our study, valuable cropland was one third as likely as 
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pasture to be allowed to revert to forest, which is consistent with forest transition theory on 
fertile soils [59]. But despite the inclusion of older secondary forests in the 1996 law, even older 
native reforestation had higher rates of clearing than mature forest (figure S5) [37, 39]. The short 
rotation and decline in pasture fallows, a ‘land-sharing’ production system, may have been 
exacerbated by the increased pressure on land engendered by policies favoring a ‘land-sparing’ 
expansion. 
The high turnover rate of native reforestation and steady loss of legally protected forest 
after 1996 imply a continuing decline in biodiverse mature forest and a modest gain in net forest 
cover through forest regrowth, rather than rapid deforestation. Similarly, in China’s Yunnan 
region, net forest cover stabilized and mature forest declined despite partial land-use restrictions 
[29]. Our results suggest that forest protection efforts in northern Costa Rica slowed mature 
forest loss and succeeded in re-directing expansion of export-oriented cropland to areas outside 
mature forest. Our study parallels recent observations in Brazil, where a soy deforestation 
moratorium in Mato Grosso was associated with increased soy production and a drop in 
deforestation [35]. This indicates that it is possible for mandated forest protection outside parks 
to maintain forest cover without negatively affecting agricultural production. While we could not 
determine whether the deforestation ban or PES was primarily responsible in northern Costa 
Rica, their combined potential effect on deforestation over time was large (50%). In comparison, 
a recent study estimated that Costa Rican protected areas reduced deforestation by only 9% 
between 1960 and 1997 [18]. 
It should be noted, however, that intensive agriculture expanded into a number of natural 
habitats other than legally protected forests, including native reforestation (figure 6) and 
wetlands [71]. Future policies should be careful to delineate all habitats that merit legal 
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protection. In addition, the expansion of crops in close proximity to forests may have negative 
ecological impacts in this critical corridor region, surrounding remnant forest patches with a 
harsh matrix that may lower forest connectivity and ecosystem health over the long-term [60–
63]. Pineapple and banana production in Costa Rica depends on extremely high applications of 
fertilizer and toxic pesticides [47, 64]. In Costa Rica these agro-chemicals have degraded water 
quality and disrupted downstream ecosystems [47, 63], and contaminated montane forests with 
pesticides [65]. 
Potential generalities that merit further investigation emerge from this study. First, 
deforestation bans may result in more effective protection of mature forest than older forest 
regrowth; this may result from the relative ease of clearing and/or farmer bias against losing land 
to regrowth [37]. Second, cropland expansion may ‘harden’ pastoral tropical landscapes by 
reducing the likelihood of reforestation to connect forest remnants [66]. Finally, deforestation 
bans may be more effective in restricting clearing for large-scale intensive agriculture than for 
less intensive agriculture such as pasture. The export-oriented banana and pineapple producers in 
northern Costa Rica may be more sensitive to potential boycotts and the tarnishing of their 
brands than smaller domestic cattle producers [67–70]. The success of the soy deforestation 
moratorium in Brazil shows that large producers can and do respond to socio-political pressures 
[35]. If large export cultivators are indeed generally more responsive to bans on forest clearing, 
future implementation of bans should focus on a suite of mechanisms that incentivize large- and 
small-scale farmers to reduce deforestation. Comprehensive forest protection policies may be a 
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MATERIALS AND METHODS 
1.     Image pre-processing 
We mapped land cover change in a study area (Landsat scene 15/053) over five dates: 
1986/87, 1996/97, 2001, 2005, and 2011.  Because of extensive cloudiness and Landsat 7 line 
errors, four of the five final images were mosaics of two to three image dates separated by less 
than thirteen months (see Table S1).  We geometrically corrected each raw Landsat 5 image to 
Landsat 7 images to less than 0.5 RMS error using an automated tie-point program [1], then 
atmospherically corrected images using LEDAPS [2] and radiometrically corrected all images to 
the most haze-free image in the time series (November 15, 2011) using the MAD algorithm [3].  
Prior to image mosaicking, clouds and line errors were masked using custom decision trees 
employing Band 1, 3, 4 and 6 thresholds, and water was masked using matched filtering 
followed by maximum likelihood classification to create thresholds for water omission.  Next, 
we subset the image mosaics to center on the San Juan-La Selva Corridor and an adjacent 20 km 
buffer within Costa Rica, then masked areas above 500 m in elevation to omit deep topographic 
shading and coffee cultivation.  The chosen 20 km buffer extended to the western edge of the 
selected Landsat image and delimited a region with similar geophysical characteristics and 
highway access; it excluded the eastern coastal wetlands and the seasonal rainfall regions closer 
to the Pacific.  
Prior to classification, we selected six spectral bands (Landsat bands 1-5 and 7) and 
calculated four vegetation indices from the Landsat data.  The vegetation indices were NDVI [4], 
the Brightness and Green bands from the Tasseled Cap transformation [5], and a normalized 
difference of Band 2 and Band 5 that distinguished banana cultivation (ND25, calculated like 
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NDVI).  These ten bands, along with elevation derived from a hole-filled SRTM DEM (v. 2.1) at 
90 meter resolution [6,7], were the inputs into the classification.    
2.    Initial image classification: stable forest masks 
In preliminary work, we could not readily distinguish secondary and primary forests in 
recent images; Landsat cannot accurately map tropical forest regrowth greater than 10-15 years 
in age [8,9].  As a consequence, we used the temporal information in our 25-year Landsat image 
time series to distinguish mature, stable forest from forest regrowth.   
We began by classifying each image into forest and non-forest using a Random Forests 
classifier (n=1000 trees) [10].  Random Forests is an ensemble classification algorithm that 
creates a number of random decision trees and polls them for the modal prediction.  It randomly 
selects a subset of predictors to split each decision tree node, and randomly withholds a subset of 
the training data at the start of the analysis for internal accuracy assessment (“out-of-bag”, or 
OOB) [10].  We did not use the internal OOB accuracy from Random Forests, but instead 
withheld one third of the validation data prior to all classifications; Random Forests OOB 
accuracy was consistently higher than our independent validation data (data not shown) and all 
accuracy results here come from that validation data unless otherwise noted.  All analyses were 
done using the randomForest package in R (v. 2.14.1).   
Field data for land cover classification and validation consisted of GPS-located points 
from field campaigns in 2004-2005 and 2009-2011 [11].  Additional training and validation data 
came from high-resolution satellite imagery for 2011, high-resolution 2005 CARTA aerial 
photos [12], black-and-white aerial photos for 1986 and 1992, and geo-referenced forest and tree 
plantations boundaries from field surveys by a local forestry organization, FUNDECOR.  
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Although it varied from year to year, the classifications used between 512 and 1082 polygons 
(covering 586-1223 ha each) for training data.  As noted previously, more than one third of the 
training data were withheld for validation purposes prior to all classifications; this consisted of 
between 491 and 701 polygon centroids, depending on the year.  For three years (1986, 2001, 
and 2011), we had sufficient data withheld to evaluate the change detection accuracy for forest-
nonforest transitions.  
The overall accuracy of each individual forest mask ranged between 94 and 96%.  After 
classification, the forest/nonforest masks were integrated across time to separate each image into 
two areas: stable, unchanging forest, and areas that reforested, deforested, or remained open from 
the previous time period.  In our longest time interval (1986 to 1996), it was possible for mature 
forest to directly transition to forest regrowth; this process occurs over a period of 5-7 years as 
forest is cut down and then rapidly regrows to a closed canopy.  We explicitly assumed that 
images after 1996, which are 4-7 years apart, are sufficiently close together in time to map forest 
regrowth using forest masks.   
For the 1996 image, following the modified methods of Helmer et al. (2009), we used the 
Random Forests classifier and our training data to distinguish light green regrowth areas from 
dark green mature forest; the internal OOB accuracy of this classification was 98.4%.  To map 
young forest regrowth that occurred just prior to the time series, we then applied the1996-derived 
classifier to the 1986 image.  After removing regrowth speckle smaller than 6 pixels (3x3 
moving window sieve), we then removed all forest regrowth areas from the final stable forest 
masks for each year.  Finally, although clouds obscured stable forests in some images, we 
assumed no change over time if the clouded areas remained forested in the ensuing time period.  
126 
 
Any forest loss observed after clouds was assumed to occur in the time interval immediately 
preceding the cloud-free image. 
3.    Final image classification: all land cover classes 
We performed two Random Forest (RF) classifications on each image; one for the stable 
forest area, and one for the change/open area.  The 1986 map was predicted using the 2001 RF 
classifier; all other images were predicted by independent RF models.  The stable forest area was 
classified into two possible land covers: mature lowland forest, and swamp forest, a distinct 
forest type on wet soils dominated by Rafia taedigera palms.  “Mature” in this context denotes 
forest that is >25-30 years in age; all mature forests were stable forest on the 1986 image and had 
low spectral variability over time, implying an age of >30 years (see above).    
The remaining change/open area was classified into ten land cover classes: four types of 
cropland (banana, pineapple, sugarcane, and palmito (heart-of-palm), pasture, bare earth, urban 
areas, and three types of forest cover (swamp forest, native reforestation, and exotic tree 
plantations).  Native reforestation is defined as both native tree plantations and natural forest 
regeneration less than 25-30 years in age; native tree plantations in this region have a harvest 
rotation of 15-25 years and are often secondary forest species.  Although natural forest 
regeneration is ecologically distinct from native tree plantations, high spectral overlap 
(producer’s accuracies <70%) led to merging the two classes in the final classification.  The 
exotic tree plantations were primarily teak (Tectona grandis, 15-20 year rotation) and gmelina 
(Melina arborea, 5-10 year rotation).   
The resulting classified images were mosaicked together to create classified maps with 
twelve final land cover categories (Table S2).  After classification, we applied a four-step post 
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classification filter to reduce noise and eliminate spurious classification artefacts; these filters 
altered less than 16% of the classified pixels across all years (6-10% of pixels in a given year).  
Filtering the image to a 1 hectare MMU caused many of the pixel alterations.  The first step 
consisted of the application of a majority filter using a 3x3 window to replace isolated small 
areas (<4 pixels) of swamp forest with mature forest.  The second step applied two majority 3x3 
moving window filters to remove speckle within the forest regrowth and nonforest areas, 
respectively.  This step gave the final map a minimum mapping unit of approximately 1 hectare 
in size, without removing riparian forests surrounded by nonforest land covers. 
The third step consisted of a series of temporal rules that corrected unlikely land cover 
transitions that often resulted from border misclassification or image mis-registration.  Temporal 
rules included not allowing native regrowth to directly replace mature forest after 1996, or 
converting urban pixels that only occurred in one year (“temporal singlets”) to bare earth: see 
Table S3 for a complete list.  To correctly assign temporal singlets of cropland, we selected 
singlets with a low perimeter: area ratio (<20) to exclude agricultural fields and select edge 
errors.  Then we used a moving 3x3 majority filter to replace the selected pixels with 
neighboring “green” land covers (cultivation, exotic tree plantations, or native reforestation).  
Where these edge singlets were bordered by bare earth and urban pixels, they were assigned to 
native reforestation. 
Because temporal singlets in 2011 may be actual land cover change, we implemented 
fewer temporal rules in 2011.  We allowed urban expansion within 1 km of previous urban areas 
and only replaced agricultural singlets that appeared completely within forest and were not 
connected to fields in open areas.  Over the time series, almost all urban expansion occurred near 
towns and roads, and all agricultural expansion replaced open land at least in part.   
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In the fourth step, exotic plantations and crop fields smaller than 0.54 ha were assigned to 
other classes using a 3x3 filter (see Table S3); all exotic tree plantations the author observed 
were at least 1 ha in size, as were the vast majority of agricultural fields.  In addition, narrow 
pineapple fields (perimeter:area ratio <20) were assumed to be edge errors and assigned to the 
bare dirt category to minimize misclassification of muddy riparian areas as pineapple.  At the end 
of the temporal filtering, we filtered the image one last time to create a final1 hectare MMU; we 
used a minimum 10-pixel sieve followed by a 7 x7 majority filter on the sieved pixels.   
4.    Accuracy of final maps 
The overall classification accuracy for the land cover maps ranged between 90 and 96%, 
depending on the year.  The smallest omission and commission errors occurred for mature 
lowland forest, while the largest errors occurred in palmito (Table S4).  Overall mission and 
commission errors were acceptable for native reforestation and exotic tree plantations, which 
were mainly confused with each other.  Accuracies for cropland were lowest in 1986, when 
palmito was a large minority of all cropland, and improved dramatically in later years.  Bare soil 
was least accurate in 2011, when it was frequently confused with pineapple fields under harvest.   
To assess the change detection accuracy for forest-nonforest transitions, we took the final 
land cover maps and assigned classes to either forest (mature forest, swamp forest, exotic tree 
plantations, and native reforestation) or nonforest.  Then we assessed change accuracy for a 
three-date combination where we had sufficient testing data over time for the eight possible land 
cover combinations (1986-2001-2011).  Overall accuracy for the forest transitions was 93%; 
omission and commission errors were acceptable for all classes (Table S5).  The least accurate 
class, Open-Open-Forest, was most commonly confused with Open-Forest-Forest, Forest-Open-
Forest, and Open-Open-Open; this likely results from confusion between heavily wooded 
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pastures and young secondary forests succeeding from wooded pastures.  Combined producer’s 
and user’s accuracies for forest loss between 1986 and 2001 and forest loss between 2001 and 
2011 were in excess of 88% (Table S5), although recent deforestation had poor accuracy before 
class combination (user’s accuracy of 73%).  Recent deforestation was confused with stable 
forest cover, implying that uncorrected, raw estimates of forest to nonforest transitions from 
2001-2011 are underestimates of actual forest loss.   
5.    Estimation of land cover area changes 
 
Using the land cover maps for each year, we extracted the land cover area and land cover 
transitions for the area of interest: the SJLS Biological Corridor and the adjacent 20-km buffers 
below 500 m (Figure S1a-e).  We corrected all raw land cover area estimates for differences in 
cloud and water areas among dates and then combined the eleven land cover classes into six 
classes for subsequent analysis (Table S2).  We then compared the changes in land cover class 
area from 1986-1996 (pre-ban) to those from 1996-2011 (post-ban).   
In a second analysis, we combined the above land-cover classes into two classes: forest 
and nonforest.  We then corrected forest/nonforest class areas for differences in cloud areas 
among dates and then used the forest/nonforest classes to analyze forest loss in two different 
time periods (1986-2001 and 2001-2011) in a single, three-date change-detection accuracy 
analysis.  We selected these two time periods because we had sufficient ground truth data in 
2001 to assess change over time.   
To correct the original  area estimates of different land covers (derived from pixel counts) 
for classification error bias, we used the method described in Olofsson et al. [13].  We corrected 
area estimates for land cover classes and forest/nonforest cover using an error-adjusted stratified 
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estimator. We then derived 95% confidence intervals around land-cover area estimates for each 
individual date; significant changes over time in area within a land cover class were inferred 
when confidence intervals of the different dates did not overlap [13].   
Rates of annual loss and gain of land cover classes were calculated using the method of 
Puyravaud [14]; results for mature forest loss were robust to the rate method used (data not 
shown). To test whether the annual rate of mature forest loss differed over time, we used 
standard error propagation techniques to calculate a pooled standard error for mature forest cover 
on two dates [15], calculated a confidence interval for the difference in mature forest cover 
between the two dates (e.g., 1986-1996 or 1996-2011), and then divided by the time difference 
between the images to derive an upper and lower 95% confidence interval for the rate of mature 
forest loss.  Calculation of the rate of total forest loss was simpler; we simply calculated the bias-
corrected area and confidence intervals of the forest change classes for each date (from the 
stratified area estimator; see above) and then divided by the time difference between two dates to 
arrive at the rate of change and its 95% confidence interval.   
6.    Estimation of land-cover transitions 
All land cover transitions in this paper, including transitions between forest and 
agricultural classes, were calculated with raw pairwise pixel transition data and then scaled to the 
corrected area estimate (see above) for a given source or destination class.  Raw pairwise pixel 
transition data was gathered by comparing image-to-image pixel transitions across successive 
image-date pairs (e.g., 1986 & 1996) within the region of interest.  All data were analyzed in 
summed transition tables and corrected for combined cloud area in both years; transitions to and 
from water were rare and ignored in the final analysis.   
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Ages and loss rates of native reforestation in our region were estimated using information 
from the classified land cover image dates.  All native reforestation pixels that appeared for the 
first time in an image were conservatively assumed to at most two years of age; subsequent ages 
of native reforestation pixels were derived by tracking the persistence or disappearance of 
reforestation in the land cover map over time.   Masked pixels were conservatively assumed to 
be reforested in previous and subsequent years, lowering the probability of observing transitions.  
Total native reforestation observed in each year was corrected to the corrected area estimates for 
that year (see above); the two totals were consistent.  The oldest native reforestation was 
established in at least 1984 (two years prior to our oldest image) and inspection of aerial imagery 
for 1986 and 1992 revealed that tree plantations were quite rare in this time period.  Thus, we can 
assume that the oldest age classes are primarily natural regeneration, not a mix of native tree 
plantations and naturally regenerating forests.  The estimated area of secondary forest older than 
>20 years is less than 2% of mature forest area and has a small (<0.04%) effect on the calculated 
loss rate of legal forest in this paper.  Similarly, native tree plantations typically have a harvest 
rotation of 15-25 years, so we can also assume the majority of native reforestation converted to 
other land-uses at <10 years in age was converted natural regeneration, not tree plantations 
(Figure S5).   
7.    Calculating soil suitability of different land-uses   
The agricultural capacity index map produced by the Costa Rican government [16] takes 
into account topography, drainage, soil fertility, and other factors to categorize the country into 
nine production zones, proceeding from land suited for crop production without limits to land 
only suited for protected forest cover.  Our region did not include category I agricultural land, 
but only category II-IV (agricultural land with minor to heavy limits).  We combined the 
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production category map and the 2011 land cover map to estimate the area of selected land 
covers in different agricultural capacity rankings, and then normalized the results by the total 
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Table S1: Landsat image information 
Year Dates used Type Final masked area 
(%)* 
1986/87 2/6/1986 Landsat 5 4.8 
 3/13/1987 Landsat 5 -- 
1996/97 11/16/1996 Landsat 5 6.7 
 12/21/1997 Landsat 5 -- 
2001 1/4/2001 Landsat 5 2.0 
    
2005 2/2/2005 Landsat 7 33.5 
 9/30/2005 Landsat 7 -- 
2011 11/15/2010 Landsat 7 7.6 
 3/27/2011 Landsat 7 -- 
 1/15/2012 Landsat 7 -- 









class name Short description 
Cropland 
Banana Large, export-oriented monocultures of banana. 
Sugarcane Large monocultures of sugarcane 
Palmito 
Monocultures of heart-of-palm; in open or with shade 
trees 
Pineapple 
Large, export-oriented monocultures of pineapple; 
often bare soil. 
Other 
Bare soil 
Reddish exposed soil of region; mix of inceptisols 
and andisols. 
Urban 
Mainly cement, asphault, and tin roofs; confused with 
river sand. 
Water Open water, classified separately. 
Clouds Masked prior to classification. 
Pasture Pasture 





Forest >30 years old that is not palm forest.  Majority 
is mature old-growth forest (see Supplementary text 
for details on age). 
Swamp forest 





Includes secondary regrowth forest and native tree 
plantations <30 years old.  Native tree plantation spp. 
are common in 2° forest. 
Exotic tree 
plantations 
Includes non-native plantations  with Teca and 





Table S3: List of Temporal and Spatial Filtering Rules  
Order of Steps Rule Description Type of filter 
1 Small swamp forest fragments (<0.36 ha) are unlikely; 
replaced by lowland forest. 
Sieve 3x3 
2 Two speckle filters for open and regrowth areas, 
respectively. 
Majority 3x3 
3 Transitions between swamp forest and lowland forest are 
unlikely; temporal majority is correct (lowland forest wins 
ties). 
Temporal 
4 Transitions between swamp forest and banana are unlikely 
(pasture intervenes); temporal majority of swamp forest 
replaces banana, and a banana majority replaces temporal 
"singlets" of swamp forest. 
Temporal 
5 By definition, mature lowland forest and swamp forest do 
not occur in time after open land covers; they are regrowth.  
This corrects edge and temporal filter errors. 
Temporal 
6 Temporal singlet urban pixels are unlikely since urban is a 
permanent land cover (except for 2011, where they may 
represent urban expansion).  For 1986-2005, urban singlets 
are bare soil. For 2011, urban singlets are permitted only 




7 For 1986-2005, temporal singlet cultivation pixels 
(excluding bare soil transitions) that had low perimeter:area 
ratios (<=20) are green edge pixels.  They are replaced by 
the majority of "bright green" neighboring pixels (see 
Supplementary text for description).  
Temporal, 
Majority 3x3 
8 For 2011, temporal singlet cultivation pixels that replace 
forest and do not touch adjacent open areas are ruled to be 
native reforestation.   
Temporal, 
spatial. 
9 Because direct transitions between exotic tree plantations 
and native reforestation are rare, we assigned confused 
pixels over time to the majority class (native regrowth wins 
ties). 
Temporal 
10 Because exotic tree plantations were unlikely to be less 
than 0.5 ha in size, small exotic tree plantations (<6 pixels 
in size) were sieved and ruled to be native reforestation. 
Sieve 3x3 
11 Because fields were unlikely to less than 0.5 ha in size, 
small cultivation fields (<6 pixels) were reassigned using a 
3x3 majority filter to "bright green" neighboring classes.   
Fields surrounded by bare dirt or urban were left 
unchanged. 
Majority 3x3 
12 Repeat of Rule 3. Temporal 
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Order of Steps Rule Description Type of filter 
13 Because of frequent spacing of satellite images after 1996, 
direct transitions between mature forest and regrowth are 
only allowed from 1986-1996; otherwise regrowth is 
replaced by mature forest.  
Temporal 
14 Narrow pineapple fields (perimeter: area ratio <20) were 
ruled to be edge errors and assigned to bare soil.  Limited 
manual editing in 2011 to correct confusion of riverbeds 
with pineapple agriculture. 
Spatial 
15 Final 1 ha MMU filtering; sieved all clumps <10 pixels in 




Table S4: Classification accuracy of individual image-dates 
Classes    2011    2005     2001      1996       1986 










  Prod. User Prod. User Prod. User Prod. User Prod. User 
Banana 87 98 98 100 100 98 98 98 70 88 
Sugarcane 79 100 92 100 86 100 93 100 " " 
Palmito 71 79 80 94 67 83 " " " " 
Pineapple 98 95 96 100 92 100 100 100 " " 
Mature Forest 98 96 98 98 99 97 98 99 98 98 
Native  
Reforestation 85 89 87 91 87 88 82 85 77 80 
Exotic tree plant. 81 91 77 89 90 87 82 82 " " 
Pasture 95 83 97 86 93 87 100 91 96 91 
Swamp forest 92 100 91 100 92 100 100 100 92 100 
Urban 93 93 100 92 93 100 93 100 92 100 
Bare soil 60 50 82 93 85 89 100 100 83 80 





Table S5: Classification accuracy of forest/nonforest change across three dates  
(1986-2001-2011) 
Classes Description  
    Accuracy (%) 
 1986-2001-2011   Producer's  User's 
Forest-Forest-Forest Stable Forest 96 99 
Open-Forest-Forest Early persistent reforestation 92 93 
Forest-Open-Forest Deforestation then reforestation 92 75 
Open-Open-Forest Late reforestation 80 67 
Forest-Forest-Open Late deforestation 100 73 
Open-Forest-Open Reforestation then deforestation 90 95 
Forest-Open-Open Early deforestation 93 93 
Open-Open-Open Stable Nonforest 93 96 
Overall  93 
1986-2001  deforestation F-O-O and F-O-F combined 94 90 
2001-2011 deforestation F-F-O and O-F-O combined 92 88 





Figure S1a-e: Classified land cover maps of northern Costa Rica.  Clouds, cloud shadows, sensor 
line errors, and areas >500 m in elevation are masked in black.  The following years are mapped: 
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Figure S3: Transitions of mature forest to other land-uses.  The percentage of all deforestation to 
cropland is in yellow for each time interval.   
 
Figure S4:  Graph of sources of native reforestation gain or loss.  The top bars show the increase 
per year in new regrowth area; the bottom bars show loss of existing regrowth forest per year.   
 
Figure S5:  Rates of loss of native reforestation, by age class.  Note that native reforestation >21 







Figure S6:  Comparisons of common land-use classes by agricultural capacity ranking, in 2011.  
Note that mature forest occupies substantial land under minor or medium limits for crop 
production, and pineapple is found across all index ranks.  “Other non-crop” includes all 
agricultural capacity categories that deemed unsuitable for crop production; these include some 





Figure S7:  Expansion of different land covers over time.  The mean annual area gained in three 
common land covers by expanding into other land cover classes.  Pasture and pineapple 






Integrating multitemporal Landsat and hyperspectral imagery to monitor 
tree plantation expansion in northeastern Costa Rica 
 
Foreword 
This chapter deals extensively with using multispectral and hyperspectral imagery to 
identify tree plantations and secondary forests, and this brief foreword reviews previous work on 
this topic.   
Some non-native tree plantation species, such as pine, acacia, and eucalyptus, can be 
classified with high overall accuracy (>80%) using multispectral data because they are spectrally 
distinct (i.e., spectrally separable due to chemical or structural features) from native vegetation 
(Sugumaran et al. 1994; Nagendra & Gadgil 1999; Kuplich et al. 2000).  But tree plantation 
classification accuracy is quite variable in the literature, and we expect that accurate plantation 
discrimination is more difficult when spectral contrast with local native vegetation or agriculture 
is low or when tree plantations and tree crops are comprised of or mixed with native species.  
Echeverria et al. (2006) distinguished non-native Pinus radiata with only intermediate accuracy 
using multispectral TM data in the evergreen forests of southern Chile.  Clark and Pellikka 
(2009) and Pellikka et al. (2009) classified non-native tree plantations in a structurally diverse 
African landscape with low producer’s accuracy (71%), and Wasige et al. (2013) had low user’s 
accuracy (67%) in classifying a variety of non-native tree plantations near Lake Victoria.   
Spectral confusion with native vegetation is a well-known challenge in agroforestry and 
tree crop systems, particularly in mapping shade coffee (Muñoz-Villers & López-Blanco 2008; 
Ortega-Huerta et al. 2012).  Oil palm plantations often have spectral and structural overlap with 
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secondary and native palm forests (Koh et al. 2011; Morel et al. 2012; Gutiérrez-Vélez & 
DeFries 2013), and young oil palm plantations are often omitted from maps or manually 
delineated because of confusion with secondary forests (Koh et al. 2011; Carlson et al. 2012).  
Evergreen rubber tree plantations have high overlap with forests in multispectral and SAR 
classifications (Baban & Yusof 2001; Senf et al. 2013), but deciduous rubber plantations can be 
distinguished from evergreen tropical forests using phenology differences (Dong et al. 2013).  
Fusions of active SAR and passive sensors have had considerable recent success in classifying 
tree crops with distinct structure, such as oil palm (Miettinen et al. 2012; Morel et al. 2012; 
Gutiérrez-Vélez & DeFries 2013) and rubber trees (Dong et al. 2013).  However this fusion is 
unlikely to have the same success mapping tree plantations, as their structure and biomass are 
very similar to that of secondary forests (Saatchi et al. 2011; Bonner et al. 2013). 
Hyperspectral approaches have shown great promise for tree species identification in 
tropical forests (Clark et al. 2005; Zhang et al. 2006; Papeş et al. 2010; Feret & Asner 2013; 
Koedsin & Vaiphasa 2013), but it is unclear how well their results might apply to region-scale 
mapping of tree plantation species. Thus far, species identification studies have been limited in 
extent, identifying a small number of tree species over relatively small areas, often from a single 
hyperspectral image (Ghiyamat & Shafri 2010).  The spectral reflectance of tree plantations can 
vary substantially even among monoculture stands of the same species because of changing site 
conditions and soil type (Cho et al. 2010), soil nutrient status and insects and pathogens (Sims et 
al. 2013), degree of canopy disturbance (Somers et al. 2010), and plantation age (van Aardt & 
Norris-Rogers 2008).  In a pilot study, Thenkabail et al. (2004) demonstrated the potential for 
hyperspectral imagery to distinguish secondary forest age classes from mature forest, but a recent 
study using CHRIS-Proba imagery had low overall accuracy distinguishing Amazonian regrowth 
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>5 years in age (Galvao et al. 2009).  Discriminating between forest successional stages can be 
difficult because of continuous spectral transitions between stages (Lu et al. 2003); older tree 
plantations, especially native plantations that share species with mature or secondary forests, 
may be equally challenging.   
By contrast, multitemporal Landsat data has been effectively used to map and age 
tropical secondary forests (Helmer et al. 2009), and single-band chronologies have been used to 
track disturbance to forests over time (Huang et al. 2010; Kennedy et al. 2010).  While the utility 
of multitemporal approaches is challenging in areas with frequent cloud cover (Masek et al. 
2008), the long-term temporal record contains valuable information for monitoring forest change 
at decadal or inter-decadal time steps (Castro et al. 2003; Masek et al. 2008; Helmer et al. 2009).  
A combination of information from hyperspectral and multitemporal, multispectral sensors like 
Landsat may be able to both distinguish tree plantation species and to track secondary forests and 
tree plantations over time.   
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An efficient means to map and monitor tree plantations is needed to detect tropical land 
use change and evaluate reforestation projects.  Government payments for environment services 
(PES) have subsidized extensive tree planting in the San Juan-La Selva corridor region in 
northeastern Costa Rica, but tree plantation species differ in their ability to provide valuable 
timber, habitat, and forest connectivity for wildlife.  To analyze tree plantation expansion and 
conversion to other land-uses in this region, we examined the potential of combining moderate-
resolution hyperspectral imagery (HyMap) with multi-temporal multispectral (Landsat) data to 
accurately classify tree plantation species.  Following a linear discriminant analysis to reduce 
data dimensionality, we compared two Random Forest (RF) models: hyperspectral data alone 
(from a 2005 HyMap imagery mosaic), and hyperspectral integrated with Landsat data.  
Multitemporal metrics were derived from a four-date Landsat image stack (1986-2005); indices 
of temporal variability in Landsat band 5 were used to distinguish forest regrowth.  We evaluated 
model accuracy for twenty initial land-use classes using a subsampling bootstrap of independent 
validation points (n=1637).  In both RF models, hyperspectral data discriminated tree plantations 
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from mature and secondary forests with 85% and 87% producer’s accuracy respectively, but 
mature and secondary forests were poorly discriminated (<63% producer’s accuracy).  The 
addition of multi-temporal Landsat data significantly improved (p<0.001) classification accuracy 
of mature and secondary forests and tree plantations.  The final combined map achieved high 
overall accuracy of 93% when secondary and mature forests were merged into a single “natural 
forest” category.   It distinguished tree plantations from natural forests with high overall 
accuracy (87%), and classified six species of tree plantations with 70-91% producer’s accuracy.  
The tree species with the lowest canopy cover, Terminalia spp., had the lowest classification 
accuracy, and the spectrally distinct non-native tree species had higher classification accuracy.  
Non-native tree species (Tectona, Gmelina and Citrus) made up the majority of tree plantations 
in this landscape in 2005.  Change-detection analysis suggests that non-native tree plantations 
may have limited value for maintaining long-term forest connectivity in the study landscape: 
non-native plantation species were more rapidly converted to cropland and pasture than native 
plantation species from 2005 to 2011.  PES schemes that favor planting native tree species with 
longer harvest rotations could potentially improve connectivity in the landscape.  Additionally, 
the loss of 20% of secondary forests in six years implies that increased incentives for 
maintaining natural regeneration are needed in this landscape.  Our results indicate that 
integrating occasionally acquired hyperspectral data with more widely available multitemporal 
satellite imagery can enhance land cover classifications and improve monitoring of reforestation 
in tropical landscapes. 
Keywords 
Hyperspectral fusion, Landsat, Costa Rica, reforestation, secondary forests, payments for 
environmental services (PES), tree plantations, remote sensing, HyspIRI, Enmap. 
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1.     Introduction  
Tree plantations and tree crops are expanding rapidly throughout the tropics in response 
to rising demand for wood pulp, timber, fruit, and vegetable oil (Koh & Wilcove 2008; FAO 
2010).  However the current distribution of tree plantations and tree crops is often estimated from 
government documents reporting planted area that are of variable accuracy and lack consistent 
monitoring (Grainger 2008; Sterling & Ducharne 2008; Puyravaud et al. 2010; Caccetta et al. 
2012).  Global and regional maps of tree plantations and tree crops using readily available 
satellite imagery are greatly needed to improve estimates of carbon storage and monitor land-
cover change, particularly in tropical regions where extensive field inventories are rare (Sterling 
& Ducharne 2008; Puyravaud et al. 2010).   
Reforestation with native and non-native trees remains an important initiative designed to 
meet environmental and socioeconomic development objectives throughout the tropics (Lamb et 
al. 2005).  This is especially true in Costa Rica, beginning with government payments to 
establish tree plantations during the 1980s that led to a large pulse of reforestation (Sánchez-
Azofeifa et al. 2003; Arroyo-Mora et al. 2005; Morse et al. 2009; Daniels 2010; Fagan et al. 
2013).  Recent decades have seen an increased use of payments for environmental services (PES) 
to encourage reforestation in Costa Rica through the 1996 Forestry Law no. 7575 (Morse et al. 
2009; Daniels et al. 2010).  The Forestry Law established payments for tree plantation 
establishment and maintenance to increase forest habitat, augment local timber supplies, and re-
connect fragmented forests in nationally designated habitat corridors (de Camino et al. 2000; 
Daniels et al. 2010; Anonymous 2012).   
Northeastern Costa Rica in particular has received extensive reforestation PES, in part 
because much of this region is part of the San Juan-La Selva Biological Corridor (SJLSBC), a 
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priority target for PES (Figure 1).  The SJLSBC was established in 1997 to maintain and re-
establish forest connectivity between Costa Rica’s montane parks and Nicaragua’s lowland Indio 
Maiz Biological Reserve (Chassot & Arias 2012).  However, regional turnover in secondary 
forests and tree plantations is high and the long-term persistence of tree plantations in this 
landscape is unclear because of rapid local population increases, improved road connections to 
the capital, and rising export-oriented crop production (Morse et al. 2009; Fagan et al. 2013).   
Previous satellite image-based land-cover maps of the SJLSBC have not successfully 
distinguished tree plantations from secondary forests using multispectral data at large spatial 
extents (Sanchez-Azofeifa et al. 2001; Sesnie et al. 2008a; Chassot 2010; Fagan et al. 2013).  
Sesnie et al. (2008) were able to improve local tree plantation classification accuracy to ~90% 
using ancillary data and a labor-intensive image-subsetting technique, but class accuracy 
decreased to 55% when implemented at larger spatial extents.  Similarly, Fagan et al. (2013) 
were able to discriminate non-native tree plantations with high accuracy but native tree 
plantations were poorly distinguished (<65% accuracy) from secondary forests.  As a result, the 
success of PES in increasing the cover and long-term persistence of tree plantations on this 
landscape is not well characterized, especially for the last decade, despite an intense interest in 
REDD+ programs by the Costa Rican government (UN-REDD 2013).  In this study, we assess 
the potential of an integration of hyperspectral and multi-temporal multispectral imagery to 
distinguish tropical tree plantation species from secondary forest, identify tree plantations at the 
species level, and track the conversion of tree plantations and secondary forests to nonforest 
land-uses.   
Most region-scale maps of forest cover based on multispectral or SAR satellite imagery 
do not distinguish tree plantations and tree crops from other forest types (Sánchez-Azofeifa et al. 
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2009; Hansen & Loveland 2012) and often combine them with secondary forests (Caccetta et al. 
2012; Miettinen et al. 2012; Potapov et al. 2012; Fagan et al. 2013; Hansen et al. 2013).  This 
consolidation of forest types can oversimplify and mask key ecological differences that are 
important for monitoring forest change, biodiversity, and carbon emissions.  Tree plantations and 
tree crops support much lower levels of biodiversity than secondary forests, and potentially have 
higher rates of clearing for timber management and soil carbon emissions (Brockerhoff et al. 
2008; Putz & Redford 2010; de Blécourt et al. 2013).  Different tree plantation species can also 
have distinct impacts on local ecosystem services and biodiversity.  For example, Eucalyptus 
spp. and Pinus spp. are prone to burning in dry regions that increases carbon emissions (Mandle 
et al. 2011).  Tree crop species like oil palm, rubber, and fruit trees are often intensively 
managed in homogenous orchards of one or only a few species (Aratrakorn et al. 2006; Koh & 
Wilcove 2008).  Tree plantation species with open or structurally complex canopies can promote 
dense native understory regrowth and forest connectivity (Carnus et al. 2006; Fonseca et al. 
2009; Nájera & Simonetti 2010), while at the other extreme, fast-growing tree species with dense 
shade can function as “biological deserts” with very low biological diversity (Barlow et al. 
2007).  Given the ongoing conversion of primary forests to tree plantations and tree crops across 
the tropics (Brockerhoff et al. 2008; Koh et al. 2011; Hosonuma et al. 2012) and the potential 
importance of tree plantations for restoring carbon storage and tree cover in deforested 
landscapes (Chazdon 2008; Hall et al. 2012), there is an urgent need to improve our ability to 
map and monitor tree plantations and tree crops.   
Hyperspectral imagery is likely to improve our ability to accurately distinguish tropical 
tree plantations from natural forests.  Hyperspectral aerial and satellite (EO-1 Hyperion, CHRIS 
Proba) imagery has been used to identify tree species in temperate and tropical forests (Ghiyamat 
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& Shafri 2010; Schimel et al. 2013; Nagendra et al. 2013), and the increasing availability of 
aerial data (CAO, NEON, GLihT, AVIRIS, CASI; Dalponte et al. 2009) and the upcoming 
launches of the HyspIRI and EnMap satellites will extend the coverage of hyperspectral imagery 
globally (Fagan & DeFries, 2009; Schimel et al., 2013).  A number of studies have successfully 
classified temperate tree species using moderate- and high-resolution hyperspectral imagery, but 
far fewer studies have been conducted in tropical and subtropical regions (Ghiyamat & Shafri 
2010; Schimel et al. 2013).  Of the studies conducted to date, most have relied on high-resolution 
hyperspectral imagery to identify rainforest and savanna tree species at the crown level (Clark et 
al. 2005; Zhang et al. 2006; Naidoo et al. 2012; Cho et al. 2012; Colgan et al. 2012; Feret & 
Asner 2013).  A small number of studies have used high-resolution data to distinguish and 
inventory tree species within timber plantations (van Aardt & Norris-Rogers 2008; Peerbhay et 
al. 2013).  In the tropics, moderate-resolution hyperspectral imagery has been used to 
successfully distinguish forest canopy emergents in Peru (Papeş et al. 2010), invasive tree 
species in Hawaii (Somers & Asner 2012), Indian tree species (Vyas et al. 2011), and mangrove 
forest species (Koedsin & Vaiphasa 2013). 
To monitor the expansion of tree plantations and tree crops, methods are needed that can 
reduce the requirement for multi-temporal acquisition of hyperspectral data by taking advantage 
of readily available data sources.   Moderate-resolution hyperspectral satellite imagery (like that 
to be collected by EnMap and HyspIRI) may be well suited to collect regional data on tree 
plantations, but repeat times in the tropics may be long due to clouds and their narrow swath.  
High-resolution, aerial hyperspectral imagery has been successfully integrated with LiDAR to 
identify tropical tree species (Asner et al. 2008; Cho et al. 2012), and the distinct structure of 
temperate tree plantations can be distinguished using LiDAR (Zhang et al. 2011).  However 
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regional collection of aerial hyperspectral and LiDAR imagery is expensive and not currently 
feasible for monitoring tree plantation expansion over time (Fagan & DeFries 2009; Nagendra et 
al. 2013).    
In this study we propose a hybrid cross-sensor approach that combines less frequent 
hyperspectral imagery to identify tree plantation species composition with less expensive 
multitemporal imagery to accurately monitor reforestation effortsand potential conversion of tree 
plantations to other land uses over time.  In this approach, higher temporal resolution remotely 
sensed data can be informed by higher spectral and spatial resolution data to monitor forest 
management practices and policies.  Currently, the data source with the longest temporal record 
is the freely-available imagery collected by the moderate-resolution multispectral Landsat 
sensors (Fagan & DeFries 2009).   
We hypothesized that integrating Landsat multi-temporal data with hyperspectral data 
will improve the overall classification accuracy of tree plantations, particularly for planted 
species that are spectrally similar to mature forest species.  Tree plantation classification 
accuracy across landscapes is highly variable in the literature (Sugumaran et al. 1994; Nagendra 
& Gadgil 1999; Kuplich et al. 2000; Echeverria et al. 2006; Sesnie et al. 2008b; Clark & Pellikka 
2009; Pellikka et al. 2009; Fagan et al. 2013; Wasige et al. 2013), and we further hypothesized 
that accurate plantation discrimination will be more difficult when tree plantations are comprised 
of or mixed with native species.  This study evaluates the comparative accuracy of an integration 
of hyperspectral and multi-temporal Landsat data in mapping reforestation types (plantations and 
natural regeneration), natural forest, and agricultural land-uses in northern Costa Rica.  
Furthermore, we integrate our single-date hyperspectral land-use classification with multi-date 
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land cover maps to monitor forest change and track the conversion of tree plantations to other 
land-uses over time. 
The principle objectives of this study were to:  1) test whether combining hyperspectral 
imagery with multitemporal Landsat metrics increases discrimination of secondary forests and 
tree plantations from mature forests and other land-uses, compared to hyperspectral imagery 
alone; 2) evaluate the ability of hyperspectral imagery and Landsat data to distinguish tree 
plantation species composition; and 3) determine how cross-sensor integration may be used to 
better assess secondary forest and tree plantation dynamics, in light of environmental policies 
designed to expand reforestation in northeastern Costa Rica.    
2.     Materials and Methods  
2.1     Study Area 
The study area encompasses principal reforestation areas in the lowlands of northeastern 
Costa Rica, covering a total of 4,509 km2 (Figure 1).  We selected this region for study because 
of the extensive availability of satellite and airborne remote sensing data, and the presence of 
large-scale reforestation efforts and an established PES program to subsidize tree planting among 
landowners.  Ongoing partnership between American and Canadian agencies and the Costa 
Rican government have led to numerous aerial missions in the last decade to collect 
hyperspectral, LiDAR, SAR, and high-resolution multispectral data across much of the country 
(NASA 2005; Dubayah et al. 2010).  The long-term rainforest monitoring plots, experimental 
tree plantations, and secondary forests at La Selva Biological Station have been the particular 
target of remotely sensed data collection. 
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sThe northeastern lowlands are an agricultural frontier whose settlement expanded 
rapidly in the late 1960s leading to widespread deforestation (Butterfield 1994) that slowed after 
2001 (Fagan et al. 2013).   The study area has moderate variability in annual rainfall (3.2 +/- 0.8 
m/year) and elevation (108 +/- 98 m), with central ranges of low hills cut by broad river valleys 
giving way to coastal plains to the east.  Despite loss of over half of the area’s forest cover, the 
lowlands today retain some of the largest patches of old-growth forest outside protected areas in 
Costa Rica (Watson et al. 1998; Fagan et al. 2013).   
To evaluate how PES reforestation efforts have augmented forest cover in this landscape, 
we mapped the narrow central waist of the San Juan-La Selva Biological Corridor and adjacent 
areas using aerial hyperspectral imagery (Figure 1).  Adjacent areas outside the SJLSBC were 
mapped to the northwest and southeast (along flight lines) within Costa Rica (hereafter, the 
“study region”; Figure 1).  . 
Common tree species planted within this region include Tectona grandis (teak), Gmelina 
arborea (melina), Vochysia guatemalensis (chancho), Terminalia amazonia (roble coral), 
Hieronyma alchorneoides (pilón), and occasionally Dipteryx panamensis (almendro), Terminalia 
ivorensis, or Vochysia ferruginea (botarrama) (Redondo-Brenes 2007).  Private commercial 
plantations of non-native teak and melina and citrus fruit orchards (Citrus spp.) are common 
within the region today.  Characteristics of the most commonly planted tree species are described 
in Table 1.   
2.2     Remote sensing data 
HyMap II hyperspectral data were acquired by the NASA CARTA-II flight campaign 
conducted over northern Costa Rica from 01 March to 25 March 2005 (NASA 2005).  The 
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HyMap II whiskbroom sensor (manufactured by HyVista Corporation) included 125 spectral 
channels covering the 458 to 2491 nm range at a 15 nm sampling interval.  Water absorption 
regions at 1350 and 1850 nm were excluded.  The instantaneous field of view covered a 61º 
swath with a 14.2 to 16.7 m pixel size (NASA 2005).  Seven HyMap images with low cloud 
cover (<20%) covering the central SJLSBC and adjacent areas were selected for analysis (Table 
S1). 
Image pre-processing and processing steps are summarized in Figure 2.  We used the 
atmospherically corrected HyMap surface reflectance data products released by HyVista, which 
included georectification from onboard DGPS, ATREM atmospheric model processing, and 
EFFORT polishing of reflectance values.  We resampled HyMap images to a 15 m pixel size (the 
mean across images; Table S1) for mosaicking using the nearest neighbor method and further co-
registered image tiles to the 2005 Landsat 7 pan image (<7.5 m RSME ) using an automated tie 
point program (Kennedy & Cohen 2003).  In each image, we masked clouds and shadows using 
manual decision trees based on NDVI and hyperspectral bands centered on 460, 500, 1170, and 
1460 nm.  We corrected the masked images for cross-track and along-track illumination 
differences using a bilinear cross-track correction algorithm (A. Singh, in prep).  Because of 
differences in illumination between image dates and residual errors from georectification, we 
conducted cross-image illumination correction using the haze correction relative normalization 
method (Yuan & Elvidge 1996), selecting the reference normalization image that had the lowest 
blue-band reflectance in shadowed areas (Table S1).  We mosaicked the resulting final images, 
replacing cloudy and shadowed pixels with clear pixels where possible (Figure 1).  Some minor 
radiometric differences between images persisted after correction.  We addressed this issue by 
collecting field data for training and validation across all image tiles (see section 2.3).  
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Multispectral data were acquired by the Landsat 5 and 7 sensors (scene path 15, row 53) 
in four years (1986, 1996, 2001, and 2005) with low cloud cover, between the months of October 
and March (Table S1).  To correct for clouds and Landsat 7 scan line errors, all images except 
2001 were radiometrically normalized composites of two or three image dates separated by less 
than thirteen months.  Further details on image processing can be found in Fagan et al. 2013 
supplemental.  To highlight forest disturbance areas in a single measure, we used Landsat band 5 
(1550-1750 nm) for each pixel across the image time series (Woodcock et al. 2001) (Figure 3).  
Then for each image pair we calculated the Euclidean spectral distance in band 5, across all 
possible image pairs.  We used the mean and variance of spectral distance to summarize the 
magnitude and variability of change for each pixel.  For example pixels with a larger mean 
distance and high variability represent forest areas that are highly dynamic, such as tree 
plantations with rapid harvest rotations.  Masked pixels were omitted from final metric 
calculation.  To permit the inclusion of the 30 m Landsat data in the hyperspectral classification, 
final summary metrics were resampled to a 15 m pixel size and then matched to the geo-
registered HyMap image (using a nearest neighbor method).   
2.3     Field data collection 
Georeferenced training and validation data for land-use classification came from a 
number of sources: field campaigns, forester-surveyed polygons, and visual interpretation of 
georeferenced high-resolution aerial photos.  In total, we collected 1859 georeferenced land-use 
data points as field validation data.  The field campaigns collected 1575 geo-located points using 
a handheld global positioning system (GPS) device during two separate trips: 2004-2005 
(Trimble GeoXT; Morse et al., 2009) and 2009-2012 (Garmin 60CSx; M.E. Fagan et al., 2013).  
The 2009-2012 field campaign data was back-dated to 2005 by comparing it with high-resolution 
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aerial photos collected during the CARTA-II mission (see below).  Effort was made to locate 
field points at intervals greater than 250 m along paved and unpaved roads across as much of the 
region as possible.  At each point, located at least 60 m from the adjacent road, information on 
land use within a 60-m radius homogenous area was recorded, along with the dominant tree 
species and any ancillary information on land-use history (e.g., forest age).  Where the exact age 
was unknown, visual assessment of canopy closure in two types of imagery was used to 
determine the approximate age of secondary forest points: the 1986 and 1996 Landsat imagery, 
and black and white aerial photos taken in 1986 and 1992 (1:60,000 scale; Read et al. 2001). 
We developed additional training and validation field data from: 1) geo-referenced forest 
and tree plantation polygon boundaries surveyed by a local forest extension organization, 
FUNDECOR, as part of the payments-for-environmental services registration and planning 
process; and 2) aerial photos.  The FUNDECOR polygon boundaries were collected using 
Garmin 60CSx GPS units and in many cases were refined through multiple visits.  Field data 
from these polygons were generated by randomly locating target points at a distance from the 
polygon edge (>30 m inside the polygon) and then checking the resulting points (n = 64 points) 
in the high-resolution CARTA-II imagery (0.5 m pixels).  In addition to verifying the accuracy 
of field and polygon data, above, the high-resolution CARTA-II aerial photos were also used to 
directly select 220 field training and validation points. These points were selected to be at least 
500 m from existing points to increase sampling in under-surveyed image tiles within the image 
mosaic.  Each point selected from aerial photos was surrounded by at least a 60 m radius 
homogenous area. 
To assess classification accuracy (see below) with independent validation data, we 
evaluated 1086 additional testing points in a stratified random approach.  In each land-use class, 
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64 randomly-located data points were generated using the Raster package in R statistics software 
(v. 2.14).  The land-use class of each validation point was identified using aerial and Landsat 
imagery.  Points were discarded when they intersected a cloud, cloud shadow, or were located 
within a land-use type that could not be identified.  Validation samples for tree plantation species 
and secondary forests from aerial and satellite imagery could only be confirmed from a limited 
number of sites, contributing to a low number of samples for these land use types.  In order to 
obtain a sufficient number of independent samples to evaluate classification model accuracy, we 
combined the stratified random sample with field data randomly withheld from the classification 
model (see description below).    
2.4     Land-use classification 
2.4.1     Class training and validation 
We classified 20 initial land-use classes representing common forest and land-use types 
in the study area (Table 2). To compare classification models aimed at distinguishing between 
tree plantations, mature forests, and secondary forests, all land-use classes were grouped into 
four categories: tree plantations, secondary forests, mature forests, and a non-forest class (Table 
2).  All six tree plantation species were collapsed into one broad class, tree plantation.  
Subsequent assessments of the classification accuracy of individual tree plantation species were 
made as a subset of the broad ‘tree plantation’ class.   
To train algorithms for land-use classification, we randomly selected 70% of the field 
validation data for each land-use class.  Each training point was buffered by a 60 m radius 
polygon known to be a single land-use from field and aerial photo inspection, and all pixels that 
fell within the 60 m buffer were assigned to that land-use class as training pixels.  This was to 
assure that the training samples were derived from a single land use type.  All training points 
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were separated by >150 m.  This resulted in a total of 1287 points and 33,182 pixels for training, 
representing 0.2% of the hyperspectral image.  No single land-use class was trained with less 
than 250 pixels; the median was 1028 pixels (Table 2).   
We reserved 1086 points selected using stratified random sampling for testing purposes, 
withholding them from the classification model.  In addition, as noted in section 2.3, we also 
randomly withheld 30% of the field validation data for testing purposes, or 572 points.  All 
testing points were separated by >100 m from each other and training data polygons.  Combining 
randomly selected data and withheld field data increased sampling of rare classes; while one 
land-use class was trained with only 43 points, the median across classes was 74 testing points 
(Table 2).  Each of the 1658 total testing validation points were compared with classification 
model predictions.   
2.4.2     Predictor variables 
We compared two sets of predictor variables for classification.  The first set consisted of 
hyperspectral data only, and the second set consisted of the hyperspectral data and the derived 
multi-temporal Landsat metrics (mean and variance in band 5).  Prior to implementing a 
supervised image classification, we reduced data dimensionality for each of the sets of predictor 
data using linear discriminant analysis (LDA).  LDA has been extensively used in the 
classification of tree species and performs well relative to other classifiers with hyperspectral 
data despite violations of the assumption of normality (Clark 2012; Feret & Asner 2013).  In this 
analysis, LDA was employed only to reduce the dimensionality of the 105 hyperspectral bands 
(Figure 4) with high correlation to 19 LDA bands with low correlation; the LDA was trained 
using the training data spectra and applied to transform the testing data spectra.   LDA also 
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helped to reduce among- and within-image radiometric differences because training pixels for 
each land-use class were located across multiple image tiles.   
The Random Forest machine learning algorithm was used for classifying all image data 
(Breiman 2001). Random Forest is a ensemble decision tree classifier that has been used 
extensively for hyperspectral classification (Ham et al. 2005; Chan & Paelinckx 2008; Naidoo et 
al. 2012) and the analysis of datasets with hundreds to thousands of potentially correlated 
predictors (e.g., Díaz-Uriarte & Alvarez de Andrés 2006).  We implemented Random Forest 
using the RandomForest package in R v. 2.14.1 (Liaw & Wiener 2001). Random Forest 
generates a large number of unpruned decision trees in a “forest” (n=1000 in our analysis) that 
are not prone to overfitting (Breiman 2001). The RF algorithm then classifies individual pixels in 
a voting process where the majority of decision trees with a given class prediction decide the 
final result.  For each tree, the RF algorithm randomly withholds 1/3 of the data from training 
and uses them to generate an “out-of-bag” (OOB) error assessment. The mean OOB is reported 
across all trees as an indicator of model error.  In addition, at each node of a decision tree, a 
subset of predictors is randomly selected to classify training samples.  In our analysis, the size of 
the subset of random predictor variables was the default, the square root of the total number of 
predictors (n=4).  
2.5     Accuracy assessment 
Image accuracy was assessed using independent, randomly selected test data withheld 
prior to developing RF classification models (Section 2.5.2).  The test validation data was 
derived from a third field samples and two thirds randomly-located, class-stratified samples.  
Consequently, our testing data was unequal among classes (Table 2).  The test data possessed 
neither equal sampling effort among classes (i.e., a random stratified sample) nor a valid 
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representation of the true proportion of classes in the mapped region (i.e., a random sample).  To 
correct for this imbalance and allow for more precise accuracy estimates (Stehman & 
Czaplewski 1998), we equalized sampling effort across classes by creating multiple balanced 
sets of test data using a subsampling bootstrap of the original test data (Politis et al. 1999).  We 
subsampled 20 points from each class without replacement, for a total of 400 points in each set, 
for accuracy assessment.  We then repeated this process 1000 times to allow calculation of both 
mean accuracy estimates and statistically valid confidence intervals around those estimates 
(Scheiner & Gurevitch 2001).  This approximated a stratified random accuracy estimate, rather 
than a normalized accuracy estimate (Stehman 2004; Stehman et al. 2012) .  Subsampling 
bootstraps, defined as bootstraps without replacement, were developed relatively recently (Politis 
et al. 1999) but they are mathematically straightforward and considered more robust to lack of 
independence than traditional bootstraps (Geyer 2003).  They allow the estimation of confidence 
intervals through an asymptotic sampling function based on the Central Limit Theorem (by 
default and in our study, a square root function), a selected subsample size, and the original 
population size (Politis et al. 1999; Geyer 2003).  We used a rule-of-thumb subsample size of 20 
as a balance between computation time and a sufficiently small sample, and results with smaller 
samples were equivalent.   
For each model, we evaluated the accuracy of RF model predictions using subsampled 
test data, calculating the mean and 95% confidence interval of several statistics from error 
matrices: overall percent accuracy, the Kappa statistic, and the omission and commission 
accuracies for each class.  For the class accuracy statistics, we used the original, unbootstrapped 
sample size (Table 2, “Testing points”) to calculate standard error in confidence interval 
estimates.  However, because the overall accuracy and Kappa statistic were calculated from all 
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land-use classes (and land-use classes differed in their original number of pixels), we set the 
original sample size for these statistics to be the mean of the testing sample across land-use 
classes.  Selecting the mean sample size (83 pixels) over the total sample size (1657 pixels) 
conservatively increased the estimated confidence interval for these two statistics. 
An image classification using all twenty land-use classes (Table 2) was first conducted 
with each set of predictor data, creating two RF models.  We then compared model performance 
in four summary categories: tree plantations, secondary forests, mature forests, and all other 
classes (Table 2).  To estimate the accuracy of the four consolidated forest and land-use 
categories in each of the RF models, we used a subsampling bootstrap on the four consolidated 
test data categories.  Each summary category (e.g., mature forest) was subsampled as one class in 
the accuracy assessment, with equal sampling from each component classification class (e.g., 
lowland mature forest and swamp forest).  To test for significant differences in overall percent 
accuracy among the two RF models, we conducted a generalized linear model (GLM) 
comparison of the subsampled validation data.   
2.6     Post-classification processing 
The RF model with the greatest classification accuracy was selected for mapping land-
use.  To increase the accuracy of the final RF model, highly confused classification classes were 
combined (e.g., secondary and mature forests were combined into the natural forests class; see 
“Final Classes” in Table 2).  In the final model, we evaluated the accuracy of tree plantation 
species both as a combined summary class and as species within the tree plantation class.  For 
the individual tree species, our final reported accuracy is the actual species accuracy.  Although 
tree plantation species are evaluated as subsets of the tree plantation class, we report commission 
and omission errors outside the tree plantation class for each species.   
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The final map with consolidated land-use classes was filtered to remove classification 
speckle anomalies in three steps.  First, a duplicate image was processed with a 3x3 moving 
window majority filter.  Second, adjacent pixel clumps  less than 4 pixels in size were sieved in 
the original classified map.  Finally, sieved pixels were replaced with pixels from the filtered 
duplicate image.  This three-step method removed speckle without allowing majority classes to 
replace narrow linear features.  Final filtered map accuracy was assessed using the test data; each 
combined class (e.g., Bare soil/Sand, see Table 2) was subsampled as one class in the accuracy 
assessment, and tree plantation accuracy was assessed as described above.   
2.7     Integration with land-use maps, 2005-2011 
To quantify the dynamics of tree plantations and secondary forest in the region, we 
examined the overlap in reforestation types between HyMap- and Landsat-based land cover 
maps.  Landsat-derived land cover maps for 2005 and 2011 were created using the satellite 
images described in Section 2.2, following the methodology described in Fagan et al. (2013).  
Fagan et al. (2013) combined native tree plantations and natural regeneration into one 
reforestation class, while the HyMap land cover map distinguished these two classes.  The 
accuracy of the Landsat map in 2005 was high for the combined reforestation class (89% 
producer’s, 98% user’s).  We recognize that classification errors in both the Landsat and Hymap 
land cover maps make direct comparisons imperfect, but the high accuracies in both maps also 
make it likely that comparisons will be informative about the potential extent and conversion 
rates of reforestation.   
To assess the extent and composition of secondary forests and different tree plantation 
species in 2005, we measured reforestation in the area of overlap between the Landsat and 
Hymap land cover maps.  To do this, we selected reforestation pixels in the 2005 Landsat map, 
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extracted corresponding pixels from the HyMap land cover map, and assigned the dominant 
Hymap land cover to the Landsat reforestation pixels.  Masked pixels in either map were 
excluded from this analysis.  Next, to track agricultural conversion and harvest of the HyMap-
derived reforestation types, we then used the Landsat land cover maps to measure land cover 
change at each reforestation pixel from 2005 to 2011.   
3.     Results  
3.1     Model classification accuracy 
The two RF models, hyperspectral only (Spec) and hyperspectral and Landsat (SpecLS), 
had roughly similar overall mean bootstrapped accuracy (85.3-85.8%).  However, the SpecLS 
model had significantly higher (p<0.001) overall accuracy (Figure 5) and Kappa values (Figure 
S1).  These bootstrapped accuracy estimates, derived from the independent test data, were higher 
than but comparable to the original, unbootstrapped accuracy estimates from the same test data 
(Figure 5).  The accuracy of both RF models was higher than the corresponding LDA model 
(Figure 5).  For both models, the Random Forest “out-of-bag” (OOB) accuracy measure was 
much higher and less variable (~96%) than the overall accuracy derived from independent test 
data.   
The addition of multitemporal Landsat information (SpecLS) caused a significant 
increase (p<0.001; Figure 6) in the producer’s and user’s accuracy of secondary forests and 
mature forests and the producer’s accuracy of tree plantations.  The SpecLS model also had 
higher user’s accuracy for tree plantations and other land-use classes.  Compared to the 
hyperspectral only model, the addition of Landsat time series data markedly improved 
discrimination between mature forests and both tree plantations and secondary forests, and only 
slightly decreased discrimination between tree plantations and secondary forests (Table 3).   
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Despite the improvement in accuracy in the SpecLS classification model, secondary forests had 
poor accuracy (<70%) that was confused with mature forests and tree plantations (Table 3).   
3.2     Final map accuracy 
After selecting the SpecLS model as the best overall classification, we combined poorly 
distinguished land-use classes and filtered the combined land-use classes to increase accuracy 
while still maintaining ecologically-meaningful map categories (Figures 7, 8).  The detailed 
bootstrapped accuracy of the resulting seventeen land-use classes is shown in Tables 4 and 5.  By 
merging mature and secondary forests into a single category (“natural forest”), we maximized 
classification accuracy and removed the greatest single source of error in the full confusion 
matrix for SpecLS (Tables 4, S2). 
Tree plantations were well discriminated from natural forests (Table 4), regardless of 
how mature and secondary forests testing data were combined into the natural forest category 
(Table S3).  With tree plantations classified by species composition, all of the six tree plantation 
species were classified with acceptable (≥70%) to high (>80%) producer’s accuracy and high 
user’s accuracy (Figure 7).  The main source of omission error for tree plantations was 
misclassification as natural forests (and specifically secondary forests, Table S3).  The three non-
native tree species had higher classification accuracy than the native tree species, and Terminalia 
spp. had the lowest producer’s accuracy and greatest confusion with natural forest (Table 5).   
The final filtering improved the overall accuracy of the final map (Figure 8) from 91.1% 
to 92.7% (with a kappa value of 0.92) and the final minimum mapping unit was 0.09 hectares 
(four pixels).  With the exception of the elevated commission error for pasture and some tree 
plantation species, all classes had producer’s and user’s accuracies in excess of 80%.  The main 
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sources of error in the final map was over-prediction of natural forest in areas that were 
Terminalia and Vochysia tree plantations and over-prediction of pasture in areas that were urban 
or in fields of cassava and palmito (Tables 4, S3).  However errors of commission were low for 
the tree plantation classes (78-89% accuracy), and errors of omission were low (≥84% accuracy) 
as well for all plantation species except Terminalia spp. (Figure 7).  Overall accuracy of all 
agricultural crops was very high, and, in the case of pineapple, even exceeded the high overall 
accuracy for water, shade, and clouds (Figure 7, Table 4).  Urban areas had high accuracy, with 
some confusion with pastures and the bare soil/sand category.   
3.3     Integrating the HyMap and Landsat land-use maps 
The study area of northern Costa Rica was dominated by natural forest, pastures, and 
croplands (Figure 9), but natural forest was most abundant within the SJLS Corridor and the 
southern foothills (Figure 8).  In the study region, 10.2% of all forests were tree plantations in 
2005, but only 1.1% of all forests were native tree plantations (Figure 9).  Citrus tree orchards 
were found predominantly to the west, while different cropland types were clustered in the 
middle and eastern portions of the study area.  Tectona and Gmelina tree plantations were 
abundant both inside and outside the SJLS Biological Corridor, while native tree species 
plantations were relatively rare (Figures 8, 9).   
In a separate, follow-up analysis to the hyperspectral classification, we compared 
HyMap- and Landsat-derived land cover maps (Section 2.7).  To simplify the comparison 
between the two different land cover maps, we considered the highly accurate HyMap land-use 
map as a reference data source.   Observed rates of clearing from 2005 to 2011 in Landsat-
derived reforestation pixels were high; between 22-32% of native tree plantation species were 
converted to croplands and cleared areas in this six-year period (Figure 10).  Similarly, 24% of 
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natural forests were converted to agriculture (Figure 10).   Tree plantation conversion to cleared 
areas likely represents harvesting prior to replanting or permanent conversion to pasture; 
Gmelina had the shortest rotation age and the highest rate of conversion to cleared areas. The 
rate of change for all three non-native tree plantation species was very high; Citrus orchards lost 
67% of their area from 2005 to 2011 and were primarily converted to croplands.  Another 44 to 
47% of Tectona and Gmelina plantations were converted to croplands and pasture, respectively 
(Figure 10).   
4.     Discussion 
4.1     Hyperspectral identification of tree plantations  
4.1.1     Hyperspectral performance 
We found that single-date hyperspectral data was able to accurately distinguish tree 
plantations from mature forests and secondary forest.  We were not able to accurately classify 
secondary forests (<52% producer’s accuracy), in large part due to their confusion with mature 
forests (Table 3).  Mature forests were the single biggest source of confusion with secondary 
forests in the original confusion matrix for the best RF model (Table S2) and thus were 
combined with secondary forests in our final analysis.   
There have been relatively few studies that have attempted to distinguish secondary 
forests from mature forests using hyperspectral data (Thenkabail et al. 2004; Galvao et al. 2009).  
The poor accuracy we observed agrees with the results of Galvao et al. (2009) rather than the 
higher-accuracy but smaller-scale results of Thenkabail et al. (2004).  Because spectral NIR 
reflectance saturates as leaf area index and canopy closure increases during succession, we might 
expect mature forests to be spectrally similar to older reforestation in the absence of consistent 
species differences in reflectance.  If this is true, moderate-resolution hyperspectral images may 
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be similar to multispectral images in their inability to distinguish mature from older secondary 
forests (>8-10 years for multispectral sensors (Fagan & DeFries 2009; Clark et al. 2011).  Future 
efforts to map secondary forests using single-date hyperspectral imagery could be more 
successful using spectral signatures of pioneer species (e.g., Cecropia spp.) and canopy N 
content as indicators of secondary forest (Smith et al. 2002; Asner et al. 2005; Carlson et al. 
2007).   
In our image mosaic, the continuous spectral transitions between forest successional 
stages (Lu et al. 2003) may be masked by spatial variation in reflectance due to selective logging, 
image differences, and atmospheric haze.  Forest undisturbed by selective logging was relatively 
rare in our mature forest training data, and forests with different logging intensities do have 
distinct hyperspectral spectral reflectance (Arroyo-Mora et al. 2008).   
Our data came from multiple images and across a large region, with a variety of 
shadowing, site, atmospheric, and image-illumination differences to create variance in spectral 
signatures within a class (Figures 4, S2).  Improved terrain, atmospheric, and radiometric 
correction between our HyMap image tiles could potentially increase classification accuracy.  
Although our final land-use map was free of image artefacts (Figure 8), the image differences 
that persisted after radiometric correction (Figures 1, 3) necessitated extensive training and 
testing data across multiple images for each class.  Classifications using selected individual 
bands had low overall accuracy, likely due to these small inter-image differences (M.E. Fagan, 
unpublished data).  Band reduction and transformation using LDA decreased inter-image 
differences because training data for all classes were collected across multiple image tiles.  
Radiometric correction of hyperspectral imagery, especially imagery mosaics with limited 
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overlap among images, is an area where additional research effort is needed (Canty & Nielsen 
2008; Dalponte et al. 2009; Kim et al. 2013). 
4.1.2     Hyperspectral and Landsat combined classifications 
The inclusion of multi-temporal Landsat information in the hyperspectral analysis 
improved the classification accuracy of tree plantations, secondary, and mature forests (Figure 
6).  In our final analysis, the combination of hyperspectral and Landsat data distinguished 
between tree plantations and natural forests classes (mature and secondary forests) with high 
producer’s and user’s accuracy (Figure 7).   
Landsat multitemporal metrics decreased confusion between mature forests and both 
regrowth forest types (Table 3), but this effect was smaller than anticipated.  In the Landsat 
imagery, mature forests frequently show only minor spectral changes over time (Figure 3).  
Spectral changes from secondary forest clearing and succession were large in many locations 
(Figure 3), but in some locations changes were smaller, with incomplete disturbance and rapid 
forest recovery.  In addition, multitemporal data for mature forests were frequently contaminated 
by cloud artifacts despite cloud masking, leading to false positives for spectral changes.  The 
mismatch in spatial resolution between Landsat and HyMap may also have contributed to error 
in the classification as secondary forest and tree plantations typically consist of small patches 
adjacent to mature and remnant riparian forests.  Because the spatial resolution of the upcoming 
HyspIRI (60 m; http://HyspIRI.jpl.nasa.gov/) and EnMAP (30 m; http://www.enmap.org/) 
satellites will be below that of the HyMap imagery in this study, we recommend that particular 
attention be paid to geometric correction and radiometric calibration of these sensors relative to 
the Landsat and Sentinel multispectral sensors.     
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4.1.3     Classifying tree plantations to species 
Hyperspectral and Landsat multi-temporal data combined helped to accurately classify all 
six tree plantations to species with acceptable to very high (70-91%) producer’s accuracy and 
acceptable to high (78-89%) user’s accuracy (Figure 7).  There was marked variation among tree 
plantation species in classification accuracy (Table 5).  The tree crop species, Citrus orchards, 
had the highest user’s and producer’s accuracy, perhaps because of its distinctive canopy 
structure, texture, and reflectance values. Citrus orchards are commonly planted in rows, with 
bare ground often visible in high-resolution imagery and a pruned, short canopy.  Terminalia 
spp. tree plantations had the lowest producer’s accuracy and were often misclassified as 
secondary forest.  This tree genus has a thin, high canopy with low leaf area index (LAI) and its 
spectral signature is likely to have been influenced by an understory of native tree species.   
Because tree plantations made of individual tree species were of limited spatial extent in 
our landscape relative to secondary and mature forests (Figure 9), we chose to first assess their 
accuracy as one forest class, the tree plantation group, and then assess species accuracy as 
subsets of that group.  Regardless of how the accuracy data were sampled (compare Tables 5, S2, 
and S3), producer’s and user’s accuracies for the natural forests class and tree plantation species 
were high.  In accordance with our expectations from the literature, non-native tree species had 
higher producer’s accuracy than native species, with the exception of Terminalia that showed 
high user’s accuracy.  Native genera, like Vochysia spp., were present in multiple land-use 
classes (mature and secondary forest, and tree plantations), which may have lowered accuracy.  
It is possible that the higher number of training pixels for the non-native species may be partly 
responsible for differences in spectral separability between native and non-native tree species.   
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Our tree species classification accuracy is comparable to other studies that have 
attempted to separate tropical tree species using aerial hyperspectral data. For example, Clark et 
al. (2005) achieved 92% overall accuracy in separating seven Costa Rican tree species with high-
resolution HYDICE imagery, but individual species’ producer’s accuracies varied from 70-
100%.  More recently, Feret and Asner (2013) had ~85% overall classification accuracy with six 
Hawaiian tree species and 73.2% overall accuracy with seventeen tree species using high-
spectral resolution CAO imagery.   
There was little confusion between the tree plantation species.  As a result, assessing the 
accuracy of tree plantations as one singular forest type rather than as individual tree plantation 
species only slightly improved the producer and user’s accuracy (87% and 87%, respectively; 
Table 5) over the mean accuracy across tree species (85% and 85%, respectively).  However the 
user’s accuracy for the secondary forest class was higher when tree plantations were treated as a 
single group (Table 5) rather than as six distinct forest types to be sampled equally (Table S3).  
Feret and Asner (2013) also found that increasing the number of tree species in their 
classification decreased overall accuracy, from ~96% with two species to ~78% with 17 species.  
Moderate-resolution images may be poorly suited for discriminating generic forest classes like 
secondary forest.  By averaging across the canopies of secondary or mature forests, they may 
generate a wide range of ‘green vegetation’ spectral values that can be confused with individual 
classified tree species (Price 1994; Papeş et al. 2010).  In addition, in our study landscape, tree 
plantation species were likely confused with highly varied secondary forest reflectance values 
due to dense understory regrowth, local canopy dieback from disease or seasonal leaf loss, and 
the occurrence of similar species in both plantations and secondary forests.   
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4.2     Model accuracy assessment 
In our study, the rarity of native tree plantations called for stratified random sampling.  
However random sampling of tree plantations was difficult due to the general challenge of 
reliably distinguishing tree plantations from secondary forests on aerial photos.  As a result, we 
included opportunistically-sampled ground validation data to increase sample size for secondary 
forests and tree plantation species.  Because the inclusion of ground validation data imbalanced 
class sizes across our class strata (Stehman & Czaplewski 1998; Stehman et al. 2012), we 
employed a subsampling bootstrap to equalize class sizes in a stratified random sampling 
validation.  The subsampling bootstrap permitted a robust estimate of the accuracy confidence 
intervals for each class, but our implementation had two drawbacks.   First, equal class sample 
sizes overestimated errors of commission for common classes like secondary forest by assuming 
that all classes were equally abundant in the study area.  A stratified random sampling scheme 
with equal class sizes emphasizes user’s accuracy (errors of omission) over overall accuracy 
(Stehman 2011).  Second, the subsampling bootstrap, like all bootstraps, depends on sufficient 
sample sizes and well spaced sample locations to estimate class accuracy, and may have 
estimated true error poorly in classes with lower sample sizes, like Vochysia. 
In contrast with the recommendations of Rodriguez-Galiano et al. (2012), who suggested 
using the “out-of-bag” accuracy as an unbiased estimate of classification accuracy, we found the 
OOB model accuracy estimated by Random Forest to be biased sharply higher in comparison 
with the independent test data used in this study (Figure 5).  This finding agrees with a recent 
study by Grinand et al. (2013), and calls into question the reported accuracy estimates in a 
number of remote sensing studies using Random Forest classifiers without independent test data 
(e.g., Naidoo et al. 2012).  Random Forest randomly withholds one-third of the training data for 
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accuracy assessment, but it treats pixels as the unit of analysis, not training data polygons (A. 
Liaw, pers. comm.), and selects testing and training data from the same training polygon.   
Because neighboring pixels from training polygons are spatially autocorrelated, the withheld 
pixels do not represent valid independent data for assessing accuracy (Zhen et al. 2013).  We 
predict that Random Forest is likely to give high, biased OOB accuracy estimates in cases where 
training data polygons are used, and accurate, unbiased OOB estimates when independent, 
single-pixel samples are used to train the model.  
4.3     Tree plantations and secondary forest dynamics 
4.3.1     Status of tree plantations and utility of PES payments 
Non-native trees made up the vast majority of tree plantations in the study region, 
indicating that a combination of commercial ventures and government subsidies and PES for 
plantation establishment beginning in the 1980s led to extensive areas of non-native teak and 
melina reforestation in northern Costa Rica.  Native tree plantations, by contrast, have been 
slower to expand, potentially because of longer harvest rotations and perceived lower economic 
returns (A. Sanchun, pers. comm.).  We observed large differences between tree plantation 
species in clearing rates, underscoring the importance of distinguishing regrowth classes for 
understanding regional forest dynamics, connectivity, and carbon storage. Non-native tree 
plantation species were converted to croplands and harvested to pasture much faster than natural 
secondary forests or native tree plantation species (Figure 10).  Overall, the areas identified as 
regrowth in the 2005 Landsat image had extremely high six-year  rates of clearing between 24 
and 67% (Figure 10).  The high clearing rates of non-native tree plantations and tree crops likely 
reflected short harvest rotations and the desirability of flat, fertile land planted to orchards and 
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non-native trees for conversion to more profitable crops.  Short harvest rotations were driven by 
the fast growth of Gmelina and the high value of Tectona wood even at relatively small log sizes. 
Non-native tree plantations were often planted outside the SJLS corridor, without the 
goal of improving forest connectivity.   Large commercial plantations of Citrus tree crops were 
mainly established in the open landscapes to the west of the SJLS corridor (Figure 8).  Native 
tree plantation species were largely planted within the SJLS Corridor and in the forested foothills 
to the southeast, adjacent to existing forest cover (Figure 8). We estimate that only ~3% of the 
forest regrowth classes mapped by Fagan et al. (2013) in this region were actually native tree 
plantation species, with the remainder secondary forests (~85%) and non-native tree plantation 
species (~12%).  In our region, maps that fail to distinguish non-native tree plantations from 
secondary forests (e.g., M C Hansen et al., 2013; Sanchez-Azofeifa et al., 2001) are much more 
likely to have biased estimates of natural regeneration and deforestation rates than maps that only 
fail to distinguish rare native tree plantation species (e.g., Fagan et al., 2013; Steven E. Sesnie et 
al., 2008).  
Although non-native tree plantation species have been widely planted in the region and 
subsidized by the Costa Rican government and international groups, the high rates of harvesting 
and conversion to cropland of teak and melina potentially indicate that they are less suitable 
choices than native plantations and secondary forest for maintaining long-term forest cover in 
this habitat corridor.  The re-establishment of long-lasting and diverse forest connectivity may be 
better served by adjusting the payments for environmental services program to favor 
reforestation with high-value native tree species.  Forest fauna which require dense understories 
and/or intact forest canopies for movement between forest fragments are more likely to find 
these conditions in older tree plantations managed to fulfill both economic and environmental 
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objectives (Carnus et al. 2006; Fonseca et al. 2009; Nájera & Simonetti 2010).  Native tree 
species have longer rotation times, require less intensive management (Table 1), and show lower 
observed clearing rates in this study.  Between 15 and 38% of percent of land-owners planted 
native tree species for conservation objectives rather than for timber harvesting (Piotto et al. 
2003; Redondo-Brenes 2007).  However, the high annual clearing rates of native tree plantations 
and natural forests (4-5%) also imply that more incentives may be needed to maintain forest 
regeneration in this landscape over the long-term.   
4.3.2     Insights from integration of hyperspectral and multi-temporal imagery 
The integration of Landsat multi-temporal data with hyperspectral data has great potential 
for improving the mapping of forest regrowth.  Increased gains in accuracy would likely be 
realized by tracking regrowth across more Landsat images with enhanced cloud filtering and 
replacement techniques, utilizing extensive and freely available image archives.  We only used 
four Landsat image dates for this analysis because of extensive cloudiness in this region.  Better 
indices of spectral change could be derived from a subdecadal cloud-free composite 
methodology (Kennedy et al., 2010), or a monthly Landsat time series with a cloud pixel filter 
based on temporal outliers (Zhu et al. 2012).  The inclusion of more frequent imagery might 
reveal unique temporal trajectories of different reforestation land-uses (e.g., Senf et al. 2013).  
The use of a variety of spectral indices might also improve the sensitivity of the data to spectral 
shifts with regrowth and disturbance (e.g., Kennedy et al. 2010).   
 
We found that hyperspectral data can be used to effectively discriminate between tree 
plantations and natural forests with acceptable to high accuracy.  The integration of hyperspectral 
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data with multitemporal indices derived from a Landsat image time series improved the 
classification accuracy of regrowth classes, and the future utility of this approach will only 
increase as new multitemporal change indices are tested (Kennedy et al., 2010; Zhu et al., 2012) 
and Landsat imagery is more specifically processed to facilitate multi-temporal comparisons 
(Gao et al. 2006; Masek et al. 2008; Roy et al. 2010).   Cross-calibration of HyspIRI and EnMap 
imagery with multispectral Landsat and Sentinel imagery could facilitate imagery fusions.  
Rigorous comparison of hyperspectral-derived and multispectral-derived land-use maps is 
challenging, but it can reveal keen insights into forest and landscape dynamics.   
 
In northern Costa Rica, we found that non-native tree plantations species were abundant 
on the landscape but harvested rapidly, while native tree plantations were rare on the landscape 
and harvested at lower rates comparable to natural secondary forests.  These data allowed us to 
conclude that a Costa Rican PES program that favored native tree species would likely promote 
long-term forest connectivity. Further increasing payments for natural regeneration in the region 
could enhance opportunities to increase forest area and connectivity and slow conversion back to 
agricultural land uses.  Our results indicate that for accurate mapping, monitoring, and decision 
making, it is imperative to distinguish tree crops and tree plantation species from natural forest 
regeneration.  As increasing amounts of high-quality hyperspectral data become available from 
satellite and aerial sensors over the next decade, it will be necessary to develop effective means 
of integrating these and other remotely sensed data to refine forest mapping and support 
reforestation and forest management initiatives like REDD+.    
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Figure 1: Map of the study area in lowland Costa Rica (10.42’ N, -84.00’ E), showing the San 
Juan-La Selva Biological Corridor (red line, 2466 km2), the hyperspectral imagery mosaic, and 
parks and wildlife refuges (shades of grey).  La Selva Biological Station is centrally located in 
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Figure 4: Original hyperspectral reflectance for the forest classes in this analysis, taken from the 
training data.  See Table 2 for sample sizes and class name acronyms.  Mean reflectance value 
lines for all forest classes are shown; the gray polygon represents one standard deviation above 






Figure 5: Overall accuracy comparison of the two Random Forest models: the hyperspectral only 
(“Spec”) and the combined hyperspectral and Landsat data (“SpecLS”).  For each model, the 
bootstrapped accuracy mean and 95% confidence intervals are shown, along with the OOB 
accuracy and the overall mean accuracy of the RF model on the unbootstrapped testing data.  
Bootstrapped accuracy is significantly different for the two models (p<0.001).  The LDA 





Figure 6: Producer’s and user’s accuracy for the two Random Forest models, by summary land-
use class (mean +/- 95% CI).  Producer’s accuracy is defined as 100 minus the error of omission 








Figure 7: Final filtered map accuracy for the twelve combined classes (means +/- 95% 
confidence interval) and seventeen final classes, with tree plantations expanded to the six tree 
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Figure 9: Area of different land-uses in the final 2005 map.  Natural forests includes the three 
forest classes in bold, separated here for illustration.  Confusion between lowland mature forest 























Figure 10: Changes in land-use of existing (2005) reforestation pixels from 2005 to 2011, by tree 
plantation species.  Cleared areas transitioned to pasture or were harvested for timber, while 
cropland/bare areas were converted to a crop production land-use.  Secondary forests (natural 
























Figure S1:  Kappa values of the two different RF models (mean +/- 95% CI) with a full twenty 
classes.  The hyspectral data-only model (“Spec”) is compared to the hyperspectral plus Landsat 
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Table 1: Characteristics of the selected tree plantation species in this study.  The first three 
species (Citrus spp., G. arborea, and T. grandis) are non-native, while the rest are native tree 
species.  Three of the groups (referred to as species for simplicity) were actually genera, with 
species combined because of low sample sizes: Citrus spp. (species unknown), Vochysia spp.  
(guatemalensis and ferruginea), and Terminalia spp. (amazonia and ivorensis). 





















Timber  3-15 years Dense High to Very 
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Timber 15-25 years Dense to thin, 
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25-40+ years Very thin Medium Tall, dense N/A 
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Table 3: Bootstrapped confusion matrices for forest summary classes, comparing the 
hyperspectral-only RF model accuracy and the hyperspectral with Landsat information RF model 
accuracy.  In the second model, light gray marks decreases in confusion between mature forest 
and secondary forest and tree plantations, respectively, while dark gray marks a small increase in 












Other  19639  79  1301  416  21426  91.9 
Mature Forest  57  18730  4628  1057  22489  77.0 
Secondary Forest  76  835  10229  1574  14558  81.1 
Tree Plantations  228  356  3842  16953  21527  79.7 
Total  20000  20000  20000  20000 












Other  19682  90  1264  375  21411  92.4 
Mature Forest  68  19068  2770  529  22435  85.1 
Secondary Forest  89  592  11980  1878  14539  85.4 
Tree Plantations  161  250  3986  17218  21615  83.0 
Total  20000  20000  20000  20000 







































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table S1: Image information for the Landsat image stack (1986-2005) and the Hymap image 
mosaic (2005).  The reference image for radiometric correction is indicated for each of the two 
imagery types: Landsat and HyMap. 
Image Type   Mosaic Year   Dates Used  Original Res. (m)  Reference Image 
Landsat 5  1986/87  2/6/1986 30    
     3/13/1987 30    
Landsat 5  1996/97  11/16/1996 30    
     12/21/1997 30    
Landsat 5  2001  1/4/2001 30    
Landsat 7  2005  2/2/2005 30  ** 
      9/30/2005 30    
HyMap  2005  3/1/2005 15.4    
     3/8/2005 14.2    
     3/10/2005 16.7  ** 
     3/17/2005 15.8    
     3/17/2005 16    
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Abstract 
Re-establishing connectivity between fragmented rainforest parks is a key conservation 
goal in the tropics.  In northeastern Costa Rica, payments for environmental services (PES) and a 
government ban on deforestation have subsidized forest protection and reforestation in the San 
Juan-La Selva Biological Corridor (SLJSBC), resulting in expansion of tree plantations.  We use 
field playback studies and graph models to assess how these efforts have altered functional 
connectivity over the last 25 years for four species of insectivorous understory birds, a forest-
dependent taxa, and to identify critical locations to improve connectivity.  For all bird species, 
observed matrix travel distances were greatest in non-native and native tree plantations with high 
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shrub density, while tree plantations with low shrub density had travel responses comparable to 
open pasture for three of the four bird species.  We modeled landscape connectivity for each 
species using graph models based on varying possible travel distances in tree plantations, gallery 
forests, and pastures.  From 1986 to 2011, connectivity declined in this landscape for all species 
by 14 to 21% despite only a 4.9% loss in forest area and the rapid expansion of tree plantations 
over 2% of the landscape.  Plantation placement in the landscape limited their potential effect on 
connectivity because they were situated either far from forest cover or within extensive forest.  
We mapped current connectivity bottlenecks and priority areas for future reforestation; 
reforesting priority areas would improve connectivity by 1.8% with a 1% gain in forest cover.   
Results indicate key locations where spatial targeting of PES within the SJLSBC would protect 
existing bottlenecks and maximize the connectivity benefits of reforestation.    
Introduction 
The ongoing conversion of humid tropical forests to agricultural lands in Latin America, 
Africa, and Southeast Asia is a major threat to global biodiversity (Sekercioglu and Sodhi 2007, 
Stork et al. 2009, Gibbs et al. 2010, Hansen et al. 2013).  Isolation of remaining tropical forest 
patches in a sea of agricultural land-uses causes further species extinctions, as fragmented forests 
undergo “faunal relaxation” over several decades (Brooks et al. 1999, Ferraz et al. 2003).  
Populations of species that are not functionally connected to other populations through the 
interchange of individuals lose genetic diversity and are more likely to go extinct (Saccheri et al. 
1998, Cushman et al. 2006).  Maintaining functionally connected populations between persisting 
fragments of humid tropical forest requires organism movement through the agricultural matrix.  
Harsher matrices, with lower probabilities of successful inter-patch travel, have been shown to 
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decrease the persistence of species in forest fragments (Prugh et al. 2008, Prevedello and Vieira 
2009, Kennedy et al. 2010, Kennedy and Marra 2010).   
Clearing around many tropical protected areas has increasingly isolated them from 
neighboring habitat patches (DeFries et al. 2005, Wittemyer et al. 2008, Seiferling et al. 2012), 
imperiling their ability to maintain the species they were established to protect.  Costa Rica, with 
20% of its land area in parks, is often regarded as a tropical conservation success story (Boza 
1993, Pagiola 2008), but agricultural clearing outside parks has been extensive (Sader and Joyce 
1988, Sánchez-Azofeifa et al. 2003).  In 1996, Costa Ricans recognized the increasing isolation 
of their protected area system and passed a new Forestry Law that banned deforestation country-
wide and implemented a payments for environmental services (PES) program (Ley Forestal, 
1996).  In 1997, Costa Rica became an official participant in the Mesoamerican Biological 
Corridor and created a system of habitat corridors to increase functional connectivity between 
protected areas for all forest-dependent organisms (DeClerck et al. 2010, Holland 2012).  These 
private-lands corridor regions are priority targets of PES for forest protection and reforestation 
(Pagiola 2008, Daniels et al. 2010, DeClerck et al. 2010).   
In this study, we investigate whether the establishment of the largest and oldest habitat 
corridor, the San Juan-La Selva Biological Corridor (SJLBC) in northeastern Costa Rica, was 
associated with a regional increase in the functional connectivity of lowland rainforests.  The 
SJLSBC and adjacent protected areas have received extensive PES, and the passage of the 1996 
Forest Law immediately preceded a 40% drop in deforestation of mature rainforests in the region 
(Fagan et al. 2013).  However it is unclear whether declines in deforestation rates and continued 
reforestation have led to a regional increase in habitat connectivity.  Although overlapping forest 
conservation policies in the SJLSBC region were intended to promote habitat connectivity, the 
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region is an active agricultural zone with continuing forest conversion and widespread 
production of cattle, pineapples, and bananas (Fagan et al. 2013). 
Like reforestation programs elsewhere in the tropics, including Brazil, Kenya, Vietnam, 
and numerous other countries (Chazdon 2008, Meyfroidt and Lambin 2008, Jindal et al. 2008, 
Rodrigues et al. 2009), Costa Rican PES favored tree plantations over natural regeneration.  
Payments for natural regeneration were twenty times lower than payments for tree plantations 
(Daniels et al. 2010).  The reforestation program was established with the dual goals of 
producing timber and increasing forest cover to provide biodiversity services (Daniels et al. 
2010), including functional connectivity in the biological corridor system (DeClerck et al. 2010).  
Quantifying the impact of reforestation efforts on forest connectivity in Costa Rica faces 
two major hurdles.  First, simply mapping the extent of reforestation efforts is challenging; 
public records on tree plantations are often geospatially inexact, and tree plantations are difficult 
to distinguish from secondary forests in satellite imagery (Sterling and Ducharne 2008, Sánchez-
Azofeifa et al. 2009).  Second, the value of tree plantations as movement or breeding habitat 
varies markedly across forest species and with management regimes (Carnus et al. 2006, 
Brockerhoff et al. 2008, Nájera and Simonetti 2010).  In northeastern Costa Rica, non-native 
timber species with short rotation times make up ~90% of tree plantations and may be providing 
only ephemeral, poor quality forest habitat (Barlow et al. 2007, M.E. Fagan, submitted). 
Evaluating the impact of government policies on connectivity is only meaningful in the 
context of specific organisms; connectivity is defined in terms how frequently organisms move 
among semi-isolated populations (Taylor et al. 1993) and varies markedly across taxa (Lees and 
Peres 2009).  Many species within lowland rainforests are dependent on closed forest cover for 
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habitat and have a limited ability to travel outside forest (Stork et al. 2009, Gardner et al. 2009).  
To evaluate functional connectivity in this region for forest organisms, we selected four species 
from a representative, well-studied functional group:  understory insectivorous birds.  The habitat 
corridor system was established to maintain functional connectivity for multiple forest-dependent 
taxa, including understory insectivorous birds (DeClerck et al. 2010).  Understory-nesting 
insectivorous birds are known to be sensitive to forest fragmentation, dependent on forest for 
breeding habitat, and with limited dispersal abilities across open habitat (Sekercioglu et al. 2002, 
Moore et al. 2008, Newbold et al. 2013).  We analyzed the movement ecology and behavior of 
these four understory bird species through a combination of field playback experiments and 
literature review.  We combined existing land-use maps with movement parameters derived from 
our ecological analysis to create graph-theoretic models of landscape connectivity (Urban and 
Keitt 2001).  We used the graph models to assess regional changes in functional connectivity 
over the past three decades (1986-2011) and to identify critical locations for future reforestation 
within the region described by the SJLSBC and connected protected areas.   
We addressed three main questions:  1) Has functional connectivity for understory birds 
improved since 1996 in the San Juan-La Selva region?  2)  Has expansion of tree plantations 
altered connectivity for understory birds?  3)  Which key bottlenecks in the landscape are most 
critical to reforest to improve functional connectivity?   
Methods 
Study Region 
The northeastern Caribbean lowlands of Costa Rica extend from the central Tilaran 
mountains north to the San Juan river.  This warm tropical region has high, constant rainfall (3.2 
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+/- 0.8 m/year) and relatively little variation in elevation (108 +/- 98 m).  Central ranges of low 
hills are interrupted by wide river valleys, transitioning to coastal plains and swamps in the east.  
In the late 1960s, settlement of this region grew rapidly and led to widespread conversion of over 
half of the area’s forest (Butterfield 1994).  In recent decades, land use change has been 
dynamic: continued but declining conversion of mature rainforest, extensive natural forest 
regeneration and tree plantation establishment, and rapid clearing of both natural regeneration 
and tree plantations (Fagan et al. 2013).   Cattle pasture is the most common land-use in the 
region, with large areas of the coastal plains and river valleys in intensive agriculture for 
pineapples, bananas, sugarcane, heart-of-palm (palmito), and other crops.   
Despite declines in forest cover, the Caribbean lowlands in Costa Rica currently retain 
the largest patches of old-growth forest outside protected areas in the country, as well as several 
large parks protecting lowland rainforest (Watson et al. 1998, Fagan et al. 2013).  Throughout 
Costa Rica, the 1996 Forestry Law bans clearing of natural forests above a certain biomass 
threshold, which in the Caribbean lowlands legally protects forests older than 12 years in age 
(Fagan et al. 2013).  In the center of the region, the San Juan-La Selva Biological Corridor 
(SJLSBC; 2466 km2) is designed to connect two parks, the montane Braulio Carrillo National 
Park and the vast Indio Maiz Biological Reserve (3602 km2), just across the San Juan river in 
Nicaragua (Figure 1).  The SJLSBC, a mix of private lands and private and public wildlife 
refuges, encompasses Maquenque Wildlife Refuge, with further connections via Barra del 
Colorado Wildlife Refuge to Tortuguero National Park (Figure 1).  All of these protected areas 
and the SJLSBC have received numerous ten-year PES contracts for forest protection or the 





We studied the functional connectivity of a representative forest-dependent taxon, 
understory insectivorous birds, and further selected within that taxon four diverse species that are 
relatively abundant in fragmented landscapes, well-studied elsewhere in the Neotropics, and 
responsive to song playbacks.  We selected the Chestnut-backed Antbird (Myrmeciza exsul), the 
White-breasted Wood Wren (Henicorhina leucosticte), the Black-crowned Antshrike 
(Thamnophilus atrinucha), and the Wedge-billed Woodcreeper (Glyphorynchus spirurus).  All 
four species are widely distributed and abundant year-round residents in neotropical lowland 
forests, feed primarily on insects, depend on closed-canopy forest for understory nesting habitat, 
and are highly territorial, actively defending sedentary territories year-round (Stiles et al. 1989, 
Robinson et al. 2000).  The individual characteristics of each species are described in Table 1; 
species vary markedly in flight strength and tolerance of open areas (Moore et al. 2008, Ibarra-
Macias et al. 2011a). 
Bird movement behavior: field experiments 
For each bird species, individual movements across forest-matrix boundaries (i.e., 
boundary softness) were assessed in three forest-adjacent habitats: pastures, native tree 
plantations, and non-native tree plantations, all with varying amounts of tree and shrub cover.  
We used territorial song playback experiments to assess bird willingness to cross forest 
boundaries into matrix habitat (Figure S1), and measured the distance of intrusion into the matrix 
from the forest edge as our response variable.  During both the breeding (January-May) and non-
breeding (June-August) seasons, studies were conducted at 23 field sites across the Caribbean 
lowlands (Figure S2).  Random site location was not possible due to difficulties in getting 
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permission to work on private tree and cattle farms, but sites were separated more than 1 
kilometer and effort was made to sample all three habitat types across the study region (Figure 
S2). 
At each site, researchers walked along the edge of a forest patch and used a portable 
speaker (SME-AFS Portable Field Speaker (Mineroff Electronics) with iPod Touch) to play a 
medley of three male bird songs from each of the four species.  Songs were played at the average 
measured volume for our four bird species (~80 db at 1 m; see Boscolo et al. 2006).  When a bird 
responded to the song playbacks, the researchers retreated more than 5 m from the speaker, 
crouched down, and played the species' song until it approached the forest edge, for no more 
than 10 minutes.  Once a species neared the forest boundary, the experiment began (Figure S1).  
A speaker was placed 25 m into the agricultural habitat, and the song moved to play there.  If the 
bird proceeded out of the forest more than 15 m into the agricultural matrix, the first speaker was 
turned off and another activated 50 m into the agricultural matrix.  Individuals had a maximum 
time limit of 10 minutes (Sieving et al. 2000) to travel the 50 meters; at the end of that time we 
recorded maximum habitat penetration distance and measured the density of trees and shrubs in a 
30 x 50 m plot centered on the speaker transect.  On selected individuals, we conducted an 
additional control playback experiment along the forest edge to compare potential movement in 
matrix and forest habitats (Figure S1).  After each experiment, the researchers moved 25 m 
before beginning playback of other species, and playbacks of the same species were separated by 
more than 250 meters to avoid sampling the same individual.  Results for paired control-edge 




Bird movement behavior: literature review 
To further understand the dispersal of our species, we conducted a literature review on 
their movement and reproductive ecology.  Our review questions and the associated references 
used to answer them are summarized in Table 3.  We sought to answer a variety of questions 
about the response of our species to habitat availability and configuration, their dispersal through 
matrix habitats, and their ability to successfully breed in fragmented habitat.  Where insufficient 
information existed on our selected species in the literature, we estimated from our field 
observations and from studies on other similar understory insectivores.  Results from the 
literature review and field experiment were used to parameterize a graph connectivity model.   
Graph analysis: landscape maps 
In this large region, we focused our analysis of forest connectivity on the SJLSBC and 
lowland areas with high forest cover that lay between the protected areas of Maquenque, Braulio 
Carrillo, and Tortuguero (Figure 1).  A simple least-cost path linkage analysis using Linkage 
Mapper software (McRae and Kavanagh 2011) was used to select all land in 1986 that lay within 
a broad resistance value from the least-cost path between the three parks (forest:nonforest 
resistance: 1:100, maximum cumulative resistance value: 20,000).  The resistance values of 1 
and 100 are commonly recommended weights for forest and nonforest habitat pixels, 
respectively, to create generic least-cost paths from habitat rasters (McRae and Kavanagh 2011).  
Setting a high maximum cumulative resistance value of 20,000 encompasses a large area around 
the least-cost path for potential travel by these mobile forest-dependent species (Van Houtan et 
al. 2007, Woltmann et al. 2012).  This 5825 km2 subset of the region (Figure 1) effectively 
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selected all lowland (<500 m in elevation) areas with high forest cover, while including adjacent 
deforested areas and Indio Maíz Biological Reserve.   
We modified existing 30-meter resolution land-use maps of northeastern Costa Rica to 
conduct the graph analysis (see Fagan et al. 2013 for details of map generation and accuracy 
assessment).  These maps delineate thirteen land-uses over five time periods, from 1986 to 2011, 
with >90% accuracy (Figure 1; see Table S1 for map details).  We modified the original maps in 
four ways.  First, by assuming no change in land cover over time in masked areas, we generated 
cloud- and error-free mosaics from the original maps (Table S1).  Areas in cloud did not overlap 
across time-periods and made up small proportion of the images, so this method simply led to 
conservatively high estimates of forest cover after 1996.  Second, we manually improved the 
previous cloud mask by visual inspection of the original Landsat image, and we lowered the 
minimum mapping threshold for forests in pastures to 0.1 ha, undoing post-classification sieving 
and restoring the riparian forests and isolated forest patches that dominate pastures in this region 
(Fagan et al. 2013, (DeClerck et al. 2010).   
Third, we added a roads layer (Instituto Tecnologico de Costa Rica, San José, Costa 
Rica) to the original land-use map, creating 30-m wide lines of urban land-use; most roads in the 
region vary in width from 15-30 m (M.E. Fagan, unpublished data).  Finally, to map tree 
plantations in our region, we integrated existing Landsat land-use maps (Fagan et al. 2013) with 
two sources of data: 1) a more accurate 2005 land-use map derived from hyperspectral data 
(M.E. Fagan, submitted); and 2) spatial polygon data on properties boundaries where PES were 
disbursed (1998-2011; FONAFIFO, San José, Costa Rica) .  Native reforestation in the Landsat 
land-use map was assigned to the tree plantation land-use if it fell in the PES property polygons 
or the classified tree plantation area in the hyperspectral-based land-use map.  Tree plantations 
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were assumed to persist into reforestation present in subsequent years, but not in prior years.  
The accuracy of the thirteen land-use classes in the final map is shown in Table S2.  
Graph analysis:  scenarios and assumptions 
We modeled the functional connectivity of our four species using a graph-theoretic, 
node-based model implemented in the program Graphab 1.2 (Foltête et al. 2012).  In this graph 
model, patches of core forest habitat, or nodes, are located on a raster map and surrounded by 
habitat with varying resistance values for organism movement.  Nodes are connected by links 
that take the least-cost path along the resistance raster surface.  For our selected metrics, the 
frequency of travel from node to node is modeled as an exponential decay in the probability of 
arrival at a maximum distance (Figure S3), and thus can be modified for different species based 
on biological data (Saura and Pascual-Hortal 2007).  For our resistance map, we set a minimum 
core patch size of 4 hectares (see Table 3 and Results for patch size selection rationale).  To 
create edge delineations in Graphab, we buffered all core forests by 30 m; this had little effect on 
movement since edge forest pixels had the same low resistance to movement as forests.  We 
chose to model all habitat as either forest (resistance weight 1 for edge and core forests) or non-
forest (resistance weight 90); tree plantations were set as forest or nonforest in a given model run 
(see below).  Our resistance weights were set based on a literature review (see Table 3 and 
Results); higher nonforest values did not alter link locations or lengths in preliminary analyses.   
Because we had incomplete information and uncertainty about species traits and the state 
of the landscape, we modeled functional connectivity in a sensitivity analysis using a variety of 
different, biologically-plausible parameter values.  A summary of the different sensitivity 
scenarios is given in Table 2.  In our field experiment, we measured the territorial behavior of 
229 
 
adult birds, which are less likely to travel outside forest than dispersing juveniles (Van Houtan et 
al. 2007).  For each species, we assigned two maximum matrix travel distances: a lower bound, 
using the maximum observed travel distance from our experiment, and an upper bound, using 
literature-derived record distances from flight trial experiments (Table 2).  We then assumed that 
in normal travel, an individual would have a 1% chance of traveling to its matrix travel distance 
limit (Figure S3).  The assumption of 1% travel success conservatively estimates a high 
probability of travel to maximum distance; it is based on high rates of failure (>80%) in 
experimental translocations of forest birds well short of their maximum possible flight distance 
(Table 3; Moore et al. 2008; Ibarra-Macias et al. 2011a; Awade et al. 2011)  
Next we created six main parameter scenarios for each species that resulted in distinct 
resistance maps (Table 2).  First, we varied the importance of tree plantations for bird movement 
in three scenarios.  In the forest scenario, all tree plantations had the same resistance to travel as 
forest, which might occur if all tree plantations had dense, tall understory vegetation.  In the open 
scenario, tree plantations had the same resistance to travel as pasture and other matrix habitat, 
which might occur if all tree plantations were harvested or if all tree plantations had low shrub 
density.  Finally, in the persisting tree plantation scenario, we assigned tree plantations the same 
resistance as forest and did not allow tree plantations to be cut down between map dates.  This 
scenario tested the role of harvesting in decreasing the potential connectivity value of tree 
plantations.  In these sensitivity scenarios, we did not distinguish between native and non-native 
tree plantations because our playback experiment results (see below) indicated that our bird 
species do not discriminate between the two plantation types.  The tree plantations persisting 
scenario removes the largest difference between native and non-native plantation species: the 
shorter harvesting rotation time of non-native species (M.E. Fagan, submitted).   
230 
 
Then, for each scenario, we created two sub-scenario options relating to movement 
through narrow, disturbed forests (Table 2).  In the “narrow” width scenario, birds could freely 
travel in narrow forest elements and small forest patches.  In the “broad” width scenario, birds 
could not travel in forest elements <60 m in width or in small forest patches <1 ha in size; these 
values were selected based on a literature review (see Table 3 and Results).   
Graph analysis: connectivity metrics 
To test the sensitivity of the graph model to our assumptions about bird movement 
ecology in each of the five image dates, we varied graph parameters across six map scenarios 
and eight possible travel distances, generating thirty different resistance maps with a total of 240 
different graph networks (Table S1).  For each graph network, we calculated connectivity 
metrics to summarize differences in connectivity at the landscape, patch, and link scale; patch 
scale refers to the importance of core forest patches for connectivity, while link scale refers to 
the importance of graph connections between forest patches.   
We used the probability of connectivity (PC) metric to characterize functional 
connectivity (Saura and Pascual-Hortal 2007) at these three scales.  At the landscape scale, the 
PC metric describes the “probability that two animals randomly placed within the landscape fall 
into habitat areas that are reachable from each other (interconnected) given a set of n habitat 
patches and the connections (pij) among them” (Saura and Pascual-Hortal 2007).  Because of its 
superior properties, the PC metric has been used to measure functional connectivity in a number 
of temperate and tropical studies (e.g., Awade et al. 2011; Carranza et al. 2012; Zozaya et al. 
2012; Ziółkowska et al. 2012; Mazaris et al. 2013). The PC metric, which varies between 0 and 
1, permits biologically-realistic dispersal parameterization and takes into account changes in 
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where  and  are the areas of habitat patches i and j, respectively,  is the highest probability 
of movement among all possible paths between patches i and j, and AL is the total area of habitat 
and non-habitat patches in the landscape (i.e., total landscape area).  As noted previously, , the 
probability of successful dispersal, was estimated as a negative exponential decline with 
distance; this estimate provided a reasonable fit for the dispersal of a Brazilian understory bird, 
and actually may overestimate dispersal (Awade et al. 2011). 
At the landscape scale, the PC metric has an additional useful property:  it can be used to 
generate the Equivalent Connected Area (ECA) metric, which is calculated by taking the square 
root of the numerator of the PC equation.  The ECA metric is in units of area, and thus can be 
directly related to changes in habitat area that occur concurrently with changes in habitat 
connectivity (Saura et al. 2011).  
 At the patch and link scales, the importance of a given patch or link for functional 
connectivity can be assessed by removing it and measuring the global proportionate loss of PC, 
or delta PC (dPC), which is the difference in PC divided by the original PC value (Saura and 
Rubio 2010).  Thus, each patch and link can be assigned a dPC value.  Further, dPC can be 
decomposed into three components: dPC-Intra (which measures the intrapatch connectivity and 
is directly related to habitat area), dPC-Flux (which measures the contribution of a patch via 
direct dispersal to and from its neighbors), and dPC-Connector (which measures how much the 
loss of a patch decreases dispersal on a least-cost path between neighboring patches).  For links, 
values of dPC are equivalent to values of dPC-Connector, since that is their only contribution to 
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landscape PC values.  For details on calculation of these subindices, please see Saura and Rubio 
(2010). 
Graph analysis: statistical analysis 
At the landscape scale, the total area of our landscape did not change across years or 
graph models (Table 2), so we were able to statistically analyze changes in the landscape PC 
metric over time.  To compare how different scenario parameters in our sensitivity analysis 
altered PC values, we predicted PC values using a general linear model, with model scenarios, 
travel distance, and map date as predictors.  To examine whether changes in connectivity were 
due more to changes in habitat area or connectivity, we also compared changes in total habitat 
area with changes in the value of the ECA metric.   
At the patch scale, changes in patch location and landscape PC across years and models 
made comparisons of dPC across patches challenging.  We calculated dPC relative to the starting 
landscape PC value in 1986.  For illustration of this variation, we mapped patch dPC values over 
time for four out of forty-eight possible models, selecting the models with the highest real forest 
cover: the forest-narrow and forest-broad scenarios, with maximum travel distances of 250 m 
and 90 m, respectively (Table 2). For these models, we visually examined local pixel level 
changes in patch values from 1986-1996 and 1996-2011.   
At both the patch and link scale in the forest scenario, we assessed whether tree 
plantations had higher or lower importance for functional connectivity than forest patches.  We 
compared a metric relatively uncorrelated with area, dPC-Connector, across model types.  
Absolute dPC metric values vary across models as PC changes across graphs, but we focused on 
relative changes in dPC-Connector between two distinct habitat types.  Because 99% of patches 
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and links had extremely low (<0.001% of PC lost) importance for interpatch connectivity, we 
restricted our analysis to the top 2% of dPC-Connector values.  We then compared the relative 
number of tree plantation and forest patches in the top 2% in a chi-square analysis, and tested 
whether mean dPC-Connector values differed for forest and tree plantation patches using a 
general linear model implemented in R 3.0.1.   
Prioritizing new reforestation 
To prioritize locations that would be most effective to improve landscape connectivity in 
the future, we analyzed the forest-narrow width scenario for 2011.  Prioritization from the broad 
width scenario led to similar results (see spatial coherence of patch impotance in Figure S6), but 
it excluded narrow forest elements.  We began by selecting all patches critical for interpatch 
connectivity.  We selected all patches adjacent to links in the top 98th percentile for dPC-
Connector (for any travel distance), and added all patches in the top 99.9% percentile for dPC-
Connector regardless of adjacency to links.  We then buffered these critical patches and links to a 
distance of 500 meters, double the maximum bird travel distance in the matrix, under the 
assumption that key forest bridges between core patches would be found near existing links and 
in the intersecting regions between patches.  To then select which areas within these broad patch 
buffers are important for connectivity between the parks of Braulio Carrillo, western 
Maquenque, and Tortuguero, we conducted a circuit-flow analysis using our original resistance 
maps (McRae et al. 2008).  Circuit-flow models have been shown to accurately predict gene flow 
and organism movement in complex landscapes (McRae and Beier 2007), and they are especially 
useful for highlighting bottlenecks to connectivity (McRae et al. 2012).  Using Circuitscape 
3.5.2, we modeled the flow of current across a raster cell graph model, from origin points to 
destination points.  The current followed all possible paths between points, with resistances to 
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current flow set by habitat patch type (1 for forest and tree plantations, 90 for nonforest).  We set 
origin and destination points in the center of each forest park and mapped maximum current 
density; current density was highest in narrow regions with high current flow (i.e., pinchpoints 
for connectivity; McRae et al. 2012).  Then, to map key bottlenecks to connectivity near the 
selected patches (within the patch buffers), we selected all forest pixels outside core habitat 
patches that achieved at least 94% of the maximum current density.  The value of 94% was 
manually selected after analysis of the current map to capture key forest bridges without 
selecting long parallel edges; lower values simply would designate more forest elements adjacent 
to patches as important for connectivity.    
To estimate where additional reforestation could alter connectivity the most, we used a 
moving 1-km window on the forest-narrow scenario landscape to “reforest” all pasture areas 
within 1-1.4 km of at least two distinct forest patches.  We then compared current flow in the 
“all-reforested landscape” with normalized current flow across pasture areas in the original 
landscape.  We added the original and reforested current maps to measure current flow in 
reforested pastures, emphasizing paths that were optimal prior to reforestation.  We selected all 
pasture areas in the top 99th percentile for current as priority reforestation areas; the top 99.9th 
percentile were designated as high priority for reforestation.  We then simulated the potential 
effect of targeted reforestation on functional connectivity by “reforesting” all priority areas and 
calculating the change in PC values for the 2011 forest-narrow and forest-broad model scenarios, 






Field experiment and literature review  
Field playback studies of species movement behavior revealed that three of the four 
species traveled 30-50 m farther along secondary and mature forest edges than into matrix 
habitats (p<0.0001, Table S3), while G. spirurus traveled equally well in forest and matrix 
habitats (p=0.13, Table S3).  In the matrix-only experimental trials, travel distance did not differ 
among native and non-native tree plantations species (p=0.95, Table S3) and they were 
combined in further analysis.  In the best experimental model, the travel of three of the four 
species was positively related only to shrub density (p<0.03, Figure 2) and otherwise similarly 
low in tree plantations and pastures (p<0.71, Table S3).  G. spirurus flew farther than the other 
species (p<0.0001), farther in tree plantations than pastures (p<0.01), and its travel was not 
affected by shrub density (p<0.028, Table S3).   Shrub density varied fourfold across sites, but 
was often close to zero in pastures and higher in tree plantations (p< 0.0001; Figure S4).  Mean 
and maximum travel distances in tree plantations and pastures are shown in Table 3.  
In our literature review, we found that the population sizes of our species are small (1-20 
individuals) and more variable in small fragments (<4 ha, see Table 3 and references therein).  
Although H. leucosticta and M. exsul maintain populations in small fragments (1-4 ha), density 
declined with fragment size for both species (Roberts 2007), and population turnover and genetic 
isolation is higher in fragments for M. exsul (Losada-Prado 2009; Woltmann et al. 2012; Table 
3), implying that these habitats are long-term population sinks.  Three of our species were not 
commonly observed outside forest, with the exception of G. spirurus, which depends on forest 
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for habitat but can forage in wooded pasture near forests (Lindell et al. 2004).  Outside forests, 
the understory-foraging species moved within dense shrub- or fern-cover and had relatively short 
flight records from experimental translocations (Table 3).  T. atrinucha, with its long flight 
record but tendency to remain within forest habitats and disappear from small fragments (Table 
3), is more typical among area-sensitive insectivores (Van Houtan et al. 2007).  For at least two 
of our species, difficulties in perceiving and orienting to forest cover at distances >100-150 m 
limit successful long-distance matrix travel (Ibarra-Macias et al. 2011a).  Short flights across 
open forest gaps have been observed for some of the species, and none of our species hesitated to 
approach forest edges for brief periods (Table 3; M.E. Fagan, pers. obs.). 
For all of our species, we were unable to locate studies on two elements of their travel 
ecology: their “corridor function”, or the narrowest forest element they will use for extended 
travel, and their distance-to-avoid-gap, or how far they will travel to avoid a gap of a given size 
(Knowlton and Graham 2010).  In Chile, tapaculos, an understory insectivore, moved into forest 
corridors <25 m in width (Sieving et al. 2000, Castellón and Sieving 2006), but in Brazil, forest 
bird community diversity declined sharply with corridor widths of <200 m (Lees and Peres 
2008).  In our graph model, to capture these two possible extremes, we either allowed travel in 
corridors ≤30 m in width (narrow model) or >60 m in width (broad model) (Table 2).  For 
distance to avoid gap, there were fewer studies.  In Canada, forest birds that took 50 m flights 
across open winter fields would travel 500 m to avoid leaving forest (Bélisle and Desrochers 
2002), a 10:1 ratio of open to forest travel.  By contrast, none of our species was observed 
traveling more than 5-10 m into a completely open field.  In our graph model, we selected a high 
open:forest resistance ratio (90:1), assuming that all species will travel 2.7 km of forest in 
preference to crossing a 30 m forest gap.   
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The strong preference of the species in our study for travel in forested or wooded habitats 
and the low mean experimental travel distances in open pasture led us to model our landscape as 
forest or non-forest.  Remaining uncertainty about the utility of tree plantations and narrow forest 
elements for travel led to the construction of the different model scenarios described in the 
Methods, above (Table 2). 
Graph scenarios: changes in landscape connectivity over time 
Landscape functional connectivity, as measured by the PC metric, declined from 1986 to 
2011 across all scenarios and across all flight distances (p<0.0001, Table S4, Figure 3).  The rate 
of decline in connectivity did not differ among flight distances and forest scenarios (p>0.5, 
interactions n.s., not shown); functional connectivity declined linearly when the model decreased 
travel distance (p<0.0001, Table S4, Figure 3).  However, the broad-width subscenario had a 
higher rate of decline in functional connectivity over time than the narrow-width subscenario 
(p<0.0002, year by width interaction, Figure 3).   
For the narrow-width subscenarios, this 14.5% average loss in connectivity across models 
exceeded a 6.6% relative decline in core forest area over 25 years (Figure S5, Table S5), 
indicating a loss in interpatch connectivity in addition to habitat area (Saura et al. 2011).  For the 
broad-width subscenarios, a 21.2% mean loss in connectivity was observed across models 
relative to a 6.8% relative decline in core forest area.  In all scenarios, the rate of loss of regional 
connectivity increased after 1996, with a recent increase in connectivity from 2005 to 2011 that 
was more marked (105% greater on average) for the narrow-width models.  The recent small 
increase in connectivity in both the narrow and broad-width models occurred despite continuing 
declines in core forest area (Figure S5, Table S5).  The area of secondary forest did increase 
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from 2005 to 2011, implying that extensive, edge-exposed regrowth occurred outside core 
forests.   
At the patch scale, we observed distinct spatiotemporal patterns in declines in forest patch 
importance for functional connectivity (dPC).  Across all time periods, large declines in patch 
dPC were observed within and to the south of Barra Colorado Wildlife Refuge (Figure 4).  From 
1986 to 1996, patch dPC decreased in the vicinity of Braulio Carrillo and increased in the central 
and northern SJLS (Figure S6).  This pattern was flipped from 1996 to 2011, for a net effect 
(1986-2011) of spatially intermixed gains and declines (Figure 4); net declines tended to occur in 
“bridge” patches that connected to larger patches, like the Indio Maiz Biological Reserve (Figure 
S6).  Patterns were similar across flight distances, but the broad-width model had more 
widespread net declines in patch dPC.  (Figure S6). 
Graph scenarios: effect of tree plantations 
At the landscape scale, removing tree plantations from the landscape (open scenario), or 
making them persist longer (TP persist scenario), had no significant effect on PC (p=0.83, Figure 
3).  For models with maximum travel distances greater than 128 m, there is indication of a recent 
nonsignificant decline in PC in the open scenario (Figure 3).  However, this difference in 
connectivity (for the indicated 2011 narrow models, a ~0.87% decline in PC) is much smaller 
than the 1.9% difference in forest area between the forest and open scenarios in 2011 (Figure 
S5).  At the patch and link scales, tree plantation patches and links to tree plantations were less 
likely than forest patches and links to be critical for interpatch connectivity (Figure 5.  Tree 
plantations patches and links were less abundant than expected in the top 2% of dPC-Connector 
values (p<0.0001; Figure S7).  Even after accounting for differences in area with forest patches 
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(model not shown), tree plantations had lower mean values in the top 2% of patches (p<0.02 and 
p<0.0001, respectively, for patches and links; Figure 5). 
Bottlenecks for reforestation 
Current bottlenecks and key bridges for connectivity are shown in Figure 6 along with 
key areas for future reforestation.  Bottlenecks and bridges of existing habitat are largely 
confined to junctions between large and medium-sized patches in the western SJLSBC.  Priority 
areas for future reforestation extend down all the river valleys of the SJLSBC and also eastward 
on multiple different paths between La Selva and Tortuguero National Park.  High priority areas 
for reforestation are adjacent to the majority of identified bottlenecks, and make up 0.1% of the 
total land area (582 ha).  Actually reforesting all of the priority areas (1% of the total land area) 
would, assuming no additional loss in forest area from the forest scenario in 2011, increase the 
equivalent connected area by 1.8% on average across models (Table S6).  Targeted tree 
plantations would have roughly four times the connectivity impact of existing tree plantations, 
which occupy 2% of the total land area and increase connectivity by only 0.87%.  
Discussion 
Functional connectivity in our graph models declined faster than habitat loss over time 
for all scenarios and species travel distances, by 13 to 22% (Figure 3).  With low net forest cover 
change from 1986 to 2011 (-4.9%, or -0.2%/year), this rapid decline in connectivity was 
unexpected, although it is partly explained by the 6.6% decline in area of core forest patches (>4 
ha in size) in that time period, particularly in the Barra del Colorado Wildlife Refuge.  The 
observed decline in connectivity in the corridor region parallels connectivity losses in highly 
fragmented European habitats (Saura et al. 2011).  It is likely that PES prevented greater losses 
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in connectivity by protecting remnant patches of mature forest (Fagan et al. 2013).  Considerable 
debate exists regarding whether PES payments have led to additional forest protection in Costa 
Rica (Morse et al. 2009, Daniels et al. 2010, Arriagada et al. 2012, Robalino and Pfaff 2013).  
Their role in expanding tree plantations in northeastern Costa Rica is less controversial (Morse et 
al. 2009, Fagan et al. 2013), but our results indicate that PES for forest protection and 
reforestation did not cause a net increase in connectivity over time in our region for understory 
birds.  The relatively slow rate of change of forest habitat and connectivity since 2001 could be 
ascribed to forest conservation policies taking effect once previous deforestation permits expired 
(Fagan et al. 2013), but a net recovery in connectivity was not observed despite extensive tree 
planting, most likely because of suboptimal location selection for improving connectivity (Figure 
5, Table S5).   
The recent rise in connectivity from 2005 to 2011 was ~105% greater in models when 
species were permitted to use narrow forest elements, which indicates that recent forest gain 
occurred primarily in small forest fragments and riparian forests that are not currently targets of 
PES.  Given the widespread occurrence of riparian forests and wooded pastures throughout Latin 
America (DeClerck et al. 2010) and their importance for connectivity in our models, more 
information is needed on how forest organisms use small forest elements for dispersal.  Although 
understory bird species may travel in forest corridors <10 m in width (Sieving et al. 2000), 
species’ usage of narrow elements declines markedly with distance from source forests due to 
interspecific competition and increasing probability of mortality with travel distance in lower-
quality forests (Castellón and Sieving 2006, Hawes et al. 2008, Lees and Peres 2008, Mendenhall 
et al. 2011).  Our models treated edge and core forest habitat similarly (resistance of 1), and so 
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may overestimate long-distance connectivity for understory insectivores in the narrow-forest 
scenarios.   
As might be expected, maximum species travel distances in open habitats had a large 
influence on functional connectivity (Figure 3).  Individual core forests often had similar 
importance for connectivity across distances however (Figure S6), indicating that differences in 
travel probability among our species (Figure S3) may have been relatively small at the distances 
between many isolated patches (0-4614 m, mean=420 m).  Dispersal limitation has been shown 
to differentially structure communities of understory insectivores with increasing distance 
between forest habitat (Moore et al. 2008, Lees and Peres 2009, Ibarra-Macias et al. 2011b), but 
at larger distances between patches in deforested landscapes, individual patch area may be more 
important for population maintenance (Ferraz et al. 2007, Boscolo and Metzger 2011).  The 
selected understory bird species may or may not be representative of other forest taxa (Gardner 
et al. 2009); species with greater dispersal abilities and/or increased ability to use narrow forest 
elements like live fences may not have experienced as large a decline in habitat connectivity (but 
see Cove et al. 2013). 
The contribution of tree plantations to connectivity in our model was small and likely 
limited by their placement in the landscape in areas with low connectivity value.  Tree 
plantations were commonly located either adjacent to existing large forests or as islands distant 
from forests (Figure 1), not as bridges between forest patches.  The presence of tree plantation 
patches, despite making up 2% of the total land area, rarely affected landscape connectivity 
(Figures 3, 5).  Exceptions did exist: five tree plantation patches were identified as part of the 57 
critical bottlenecks for the landscape that are important for future protection.   Protecting all tree 
plantations from clearing over time had little net effect on forest connectivity however.  This is 
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likely mainly due to plantation placement, with some plantation abandonment as well; some 
short-rotation non-native tree plantations planted in 1986 were allowed to revert to secondary 
forest (S.E. Sesnie, pers. comm.). 
The importance of native and non-native tree plantations for connectivity for three of our 
bird species further depended on understory shrub density, a factor not included in our graph 
model (Figure 2).  Understory shrub density differed markedly across sites, varying with stand 
age and management (i.e., cattle density, thinning, fire, and manual clearing; M.E. Fagan, 
unpublished data).  Previous authors have suggested that non-native tree species have lower 
value for biodiversity than native species (Lamb 1998, Hartley 2002), but we found that our 
understory bird species were insensitive to overstory composition.  We suggest that dramatic 
differences among previous studies on biodiversity in tree plantations (Barlow et al. 2007b, 
Fonseca et al. 2009) are partly explained by the presence or absence of a native understory.  This 
observation is in agreement with studies on the presence of remnant native trees in Australian 
tree plantations (Lindenmayer and Hobbs 2004), structural complexity in agroforests (Nájera and 
Simonetti 2010), and bird travel in subtropical non-native pine plantations (Vergara and 
Simonetti 2006, Tomasevic and Estades 2008).  To increase the connectivity value of tree 
plantations in our landscape to understory birds, we recommend both increased farmer outreach 
on proper understory management and restrictions on cattle in tree plantations receiving future 
PES subsidies.   
Spatial targeting of reforestation PES could achieve significant gains in connectivity (a 
1.8% increase from reforesting 1% of the landscape), and help to re-connect the eastern and 
western sides of our region.  Demand outstrips available funds for PES (Sierra and Russman 
2006), and a point-system already exists to prioritize forest protection in certain regions (Daniels 
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et al. 2010).  We recommend including a spatial priority analysis as part of the evaluation 
process for future reforestation applications.  Maintaining and restoring connectivity in this 
rapidly growing region will be challenging however; many key bridges and priority reforestation 
areas are located along roads and in fertile agricultural valleys that are rapidly being converted to 
high-value crops like pineapple (Fagan et al. 2013).  Competition between returns from PES and 
crop production can limit the successful uptake of PES in agricultural regions (Phelps et al. 
2013).  Expansion of urban settlements along the main highway has increasingly isolated Braulio 
Carrillo from the northern SJLSBC, and ongoing highway expansion projects may increase this 
isolation further (ZEE 2013), limiting forest connectivity to underpasses and bridges (Laurance 
et al. 2009, Lesbarrères and Fahrig 2012).  If the central highway is widened near La Selva, 
protecting and enhancing riparian connectivity at underpasses may prove critical to retaining 
connectivity between the northern and southern SJLSBC. 
Critical evaluation of conservation programs is essential for effective usage of limited 
conservation funds (Naidoo et al. 2006).  This study is one of relatively few to examine how 
planned or implemented reforestation programs alter connectivity between tropical rainforests.   
Ferraz et al. (2012) reviewed the potential impact of a proposed Atlantic forest restoration 
project on understory bird populations.  Other studies have demonstrated increased animal 
movement through tree plantations and young secondary forests (Jansen 2005, Tubelis et al. 
2007, Van Houtan et al. 2007, Zurita and Bellocq 2010).  However knowing that reforestation 
increases local movements between forest patches is just the first step in evaluating its effect on 
connectivity.  Equally important is targeting reforestation in the landscape to maximize 
connectivity, understanding how management alters habitat quality for different dispersing taxa, 
and tracking the persistence of reforestation habitat across landscapes.   
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The broad conclusions of this study about functional connectivity and tree plantations are 
limited by the choice of model taxa and species, by potential errors in and scale of the land cover 
data, and a reliance on graph models and the literature to estimate connectivity.  Although we 
argue that these four insectivorous species represent other forest-dependent taxa, avians are a 
mobile taxon and the landscape connectivity for other forest-dependent groups may be lower and 
more sensitive to habitat proximity (Prugh et al. 2008, Gardner et al. 2009, Watling et al. 2011).  
Alternatively, sensitivity to edges may influence travel for many taxa (e.g., Hansbauer et al. 
2008), and edge-sensitivity was not included in our graph models.  The graph models we used 
are relatively general however, and could apply to groups with similar dispersal abilities and 
forest habitat preferences (Saura et al. 2011).  Errors in the land cover data were low (Table S2; 
Fagan et al. 2013), but classification error could have assigned secondary forest elements within 
tree plantations and underestimated the contribution of tree plantations to connectivity.  The use 
of the PES property boundaries to assign tree plantations makes this possibility unlikely after 
1996, but older tree plantations, planted prior to PES records in the 1980s, may have undergone 
cryptic succession into secondary forest (S. Sesnie, pers. comm.).   
Finally, although we did parameterize graph models with field data, we did not use direct 
measurements of animal movement or validate our graph model with field occupancy or genetic 
data (Zeller et al. 2012).  Direct animal movement data are challenging to collect across 
landscapes and multiple habitat types, especially for dispersing young (Awade and Metzger 
2008, Knowlton and Graham 2010), and we argue that our playback experiments accurately 
reflected the relative risks birds faced in different habitat types (Lima and Zollner 1996) and 
concurred with the several movement studies and experiments on our species in the literature 
(Table 3).  The detailed understanding of movement and breeding ecology required to 
245 
 
parameterize connectivity models is lacking for many tropical taxa (Chazdon et al. 2009, 
Gardner et al. 2009, Knowlton and Graham 2010), but even simple matrix movement data can 
predict habitat occupancy well for forest-dependent birds (Moore et al. 2008, Awade and 
Metzger 2008, Lees and Peres 2009, Awade et al. 2011).  Collecting field data on population 
persistence and inbreeding across our landscape is a logical next step in our analysis, although 
isolated populations of our species and others can take many years to disappear from large 
fragments (Ferraz et al. 2003, Roberts 2007, Woltmann et al. 2012).   
Further work should extend our connectivity analysis to other taxa, and place this study 
in a broader regional context.  It remains to be seen whether similar results would be found in 
other locations outside the SJLSBC in the Costa Rican corridor system or the broader 
Mesoamerican Biological Corridor, both of which have not been studied extensively (DeClerck 
et al. 2010).  Costa Rica has made tremendous strides in lowering deforestation rates within the 
San Juan-La Selva Biological Corridor (Fagan et al. 2013) and raising populations of its flagship 
endangered species, the Great Green Macaw (Chassot and Arias 2013).  Our results suggest that 
more targeted reforestation efforts, identified through analyses such as those presented here, are 
needed to reverse functional connectivity losses for understory insectivores in this vital corridor 
region.  
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Figure 1: Land-use map of the study region in 2011; the small inset map of Costa Rica shows the 
location of the study region (small white box) and the San Juan-La Selva Biological Corridor 
(SJLSBC, in yellow).  In the main map, the yellow line outlines the SJLSBC, white lines denote 
protected areas, and the black lines outline main highways.  The black masked areas in the main 
map mark the limits of the satellite image used to create the map; the shaded region was 






Figure 2:  In the playback experiment, travel distance into tree plantations (towards the playback 
speakers) was positively related to shrub density for three of the four species, all except G. 
spirurus.  For the details of the GLM model that describes this relationship, see Table S3, GLM 






Figure 3:  Declines in landscape functional connectivity over time, as measured by the 
Probability of Connectivity (PC) metric.  The six sensitivity scenarios are shown for the models 
with a maximum flight distance of 250 meters (for all possible flight distances, see Figure S3).  
In the narrow scenario, there was a 14.5% decline in connectivity from 1986-2011 with only a 
6.6% decline in forest area.  In the broad scenario, there was a 21.2% decline in connectivity 
with a 6.8% decline in forest area.  In 2011, removing tree plantations in the open model caused 
declines in connectivity of 0.87% (narrow scenario) and 0.82% (broad scenario) relative to the 
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Figure 5:  Connectivity value of the key links and patches, compared between forest types.  All 
data shown are in 98th percentile of dPC-Connector for patches and links, respectively.  For both 
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Table 1:  Individual characteristics of each of the selected bird species. Flight strength is a 
generic measure of flying ability, derived from foraging height in the forest and maximum 
observed flight distances (Table S1).  Sources: Roper 1996, Woltmann et al. 2010, Robinson et 
al. 2001, Blake and Loiselle 2012, Stiles et al. 1989. 
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Table 2: Summary outline of the graph model sensitivity analyses for each image date, showing 
the six travel scenarios and eight different flight distances for the bird species.  The six travel 
scenarios and eight flight distances were combined in the sensitivity analysis, with forty-eight 
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Figure S2:  Map showing the location of the 110 plots where bird playback experiments were 
conducted (yellow points), clustered in 23 sites across the study region.  Highways in the region 





Figure S3:  Probability of successful arrival at neighboring core forests in the graph model, used 
for Probability of Connectivity (PC) and Equivalent Connected Area (ECA) metric calculations.  
Probability declined as a negative exponential function, with a 0.01 probability of reaching a set 
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Figure S5:  Changes in functional connectivity and forest area.  Panel A shows the changes in 
Probability of Connectivity (PC) metric values over time for all the narrow model sensitivity 
scenarios.  Panel B shows the changes in Probability of Connectivity (PC) metric values over 
time for all the broad model sensitivity scenarios.  Panel C shows the changes in Equivalent 
Connected Area (ECA) metric, as a percentage of landscape area, for all the narrow model 
sensitivity subscenarios.  Panel D shows the changes in landscape core forest area (>4 ha in size), 
as a percentage of total landscape area.  In graphs A-C, “Dist. 250” refers to a scenario with a 
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Figure S7:  Proportion of patches and links (across models) that are in the top 2% of connectivity 
values for the dPC-Connector metric.  The percent of total patches and links that are high-value 
for connectivity is labeled for each land use type.  Tree plantation links and patches that are 
important for connectivity are proportionately less common than forest links and patches that are 




Table S1:  Details on the land-use maps, with brief definitions of the land-use classes (left side) 
and a summary of the original images used to create the cloud-free land-use mosaics in this study 
(right side).  All land-use categories except the last four were reclassified as “open” in the 
connectivity analysis; the reclassification of tree plantations depended on the model scenario, 








monocultures of banana. 1986/87 Landsat 5 4.8 
Sugarcane 
Large monocultures of 
sugarcane 1996/97 Landsat 5 6.7 
Palmito 
Monocultures of heart-of-
palm; in open or with shade 
trees 
2001 Landsat 5 2.0 
Pineapple 
Large, export-oriented 
monocultures of pineapple; 
often bare soil. 
2005 Landsat 7 33.5 
Fruit 
trees Citrus orchards 2011 Landsat 7 7.6 
Bare soil Reddish exposed soil of region; mix of inceptisols and andisols. 
Urban Mainly cement, asphault, and tin roofs; confused with river sand. 
Water Open water, classified separately. 
Clouds Removed by mosaicking across years (see text).   




Forest >30 years old that is not palm forest.  Majority is mature old-growth forest 
(see Fagan et al. 2013 for details on age). 
Swamp 
forest Forest >30 years old that is dominated by Rafia palms. 
Secondary 
forests Secondary regrowth forest <30 years old.   
Tree 
plantations 






Table S2:  Accuracy of the thirteen land-use classes in the final map. With reference to 
validation data, producer’s accuracy measure errors of omission, while user’s accuracy measures 
errors of commission.  In general, errors of commission were less than errors of omission in most 
classes.  Intermediate accuracy for secondary forests arose from limited confusion with tree 
plantations and mature forests.  For further details, see Fagan et al. 2013. 
 
Table S3: Classification accuracy of individual image-dates 
Classes    2011    2005     2001      1996       1986 










  Prod. User Prod. User Prod. User Prod. User Prod. User 
Banana 87 98 98 100 100 98 98 98 70 88 
Sugarcane 79 100 92 100 86 100 93 100 " " 
Palmito 71 79 80 94 67 83 " " " " 
Pineapple 98 95 96 100 92 100 100 100 " " 
Mature Forest 98 96 98 98 99 97 98 99 98 98 
Secondary Forest 79 73 78 76 79 78 82 85 77 80 
Tree Plantations 72 87 73 85 81 83 82 82 " " 
Pasture 95 84 98 87 93 87 100 91 96 91 
Swamp forest 92 100 91 100 92 100 100 100 92 100 
Urban 93 93 100 92 93 100 93 100 92 100 
Bare soil 60 50 82 93 85 89 100 100 83 80 






Table S3:  Best GLM models (by lowest AIC) for playback experiments.  Multiple comparisons 
were significant (p<0.05) when t-tests were significant, and all models are highly significant.  





Variable  Deviance  df  F‐ratio P‐value  Level  Mean Std. 
Error 
Pr(>|t|)   
SPECIES  29948  4  25.94  <0.0001 Chestnut  51.54  7.57  <0.0001  ***
           Slaty  43.74  6.27  <0.0001  ***
           Wedge  10.88  7.11  0.14    
               Wood  31.01  6.59  <0.0001  ***









Variable  Deviance  df  F‐ratio P‐value  Level  Mean Std. 
Error 
Pr(>|t|)   
            Intercept  2.82  5.58  0.62 
SPECIES  7870.2  2  15.96  <0.0001 Wedge  27.04  8.30  0.0017  ** 
               Wood  11.05  7.11  0.12    
HABITAT  7666.8  2  15.55  <0.0001 Native Tree 
Plant. 
0.55  8.33  0.95    
               Pasture  ‐3.43  7.42  0.65    
SHRUB 
DENSITY 
3010.1  1  12.21  0.001  Mean Shrub 
Density  
10.08  2.75  0.0004  ***
NATIVE 
TREE BA 





1227.9  4  1.25  0.30  Wedge: 
Native TP 
9.71  11.79  0.41 
           Wood: 
NativeTP 
12.25  10.61  0.25 










           
GLM 3.  Dependent variable: travel distance in pastures and tree plantations (all species)
Intercept refers to: travel distance of Chestnut in pastures.   
Variable  Deviance  df  F‐ratio P‐value  Level  Mean
Std. 
Error  Pr(>|t|) 
        (Intercept)  ‐0.60  4.63  0.90   
SPECIES  52902  4  69.21  <0.0001 Slaty  ‐3.89  5.14  0.45   
        Wedge  18.66  4.44  <0.0001  ***
        Wood  5.16  3.88  0.19   
HABITAT  7400  1  38.73  <0.0001 Tree 
Plantation 
(TP) 
2.42  6.47  0.71   
SHRUB 
DENSITY 
4391  1  22.98  <0.0001 Mean Shrub 
Density 
(Shrub) 
12.09  5.65  0.03  * 
NATIVE 
TREE BA 
885  1  4.63  0.03  Native tree 
basal area 
(BA) 
0.02  0.01  0.16   
SPECIES: 
HABITAT 
1164  3  2.03  0.11  Slaty:TP  6.52  8.94  0.47   
        Wedge:TP  21.75  8.41  0.01  * 
        Wood:TP  2.68  8.38  0.75   
SPECIES: 
SHRUB 
4725  3  8.24  <0.0001 Slaty:Shrub  5.02  7.79  0.52   










Table S4: Best GLM model (lowest AIC) predicting changes in global PC metric (functional 
connectivity) with time, across sensitivity scenarios and flight distances.  Sensitivity scenarios 
varied bird responses to forest width (“broad and narrow”) and tree plantations (“All forest”, 
“Open”, and “Tree Plantations persist”). Note the significant interaction between width scenario 
and year; broad width scenarios declined faster than narrow width scenarios over time, after 
starting at the same initial value in 1986.  PC metric values were arc-sine transformed; GLM 
model was fit using a gaussian distribution.   
Global analysis of functional connectivity over time, across sensitivity scenarios 
Variable  Deviance  df F‐ratio  P‐value 
Year  0.007432  1  773.62  <0.0001  *** 
Forest width scenario  0.000467  1  48.61  <0.0001  *** 
Flight Distance  0.003855  1  401.27  <0.0001  *** 
Tree plantation scenario  0.000003  2  0.16  0.85 
Year:Width scenario  0.000123  1  12.82  0.0004  *** 
 
Table S5:  Change over time in the abundance of aggregated land-use classes, as a percentage of 
the total landscape. The percent change in class area over time was calculated as the difference in 
abundance from time 2 to time 1, divided by the original value and multiplied by 100.  Net forest 
cover is in bold, and refers to the sum of mature forests and secondary forests.  Core forest refers 
to the net interior area (excluding forest pixels within 30 m of a forest/nonforest edge) of large 
forest patches (>4 ha), for the narrow and broad forest models, respectively.   
 
 






Cultivation 0.1 1.7 1.9 2.2 3.7 2629.8 105.2 
Bare/Urban 1.8 1.5 1.6 1.6 2.0 10.8 0.4 
Pasture 24.1 21.9 25.0 25.4 23.4 -3.0 -0.1 
Secondary 
Forest 
2.7 10.4 8.9 8.9 10.6 287.1 11.5 
Tree Plantations 0.04 1.0 1.7 2.0 2.0 5365.5 214.6 
Mature Forest 70.0 63.6 61.2 60.0 58.6 -16.3 -0.7 
Net Forest Cover 72.8 74.0 70.1 68.9 69.2 -4.9 -0.2 
Core Forest 
(narrow model) 
63.2 63.0 60.2 59.2 59.1 -6.6 -0.3 
Core Forest 
(broad model) 




Table S6:  Increase in functional connectivity after reforestation of priority areas in 2011, across 
scenarios and maximum species dispersal distances.  The effect of reforesting 1% of the 







2011  750  Narrow 0.071 0.073  2.634 
2011  720  Narrow 0.071 0.073  2.508 
2011  450  Narrow 0.067 0.068  1.452 
2011  386  Narrow 0.066 0.067  1.121 
2011  270  Narrow 0.065 0.065  0.749 
2011  255  Narrow 0.065 0.065  0.704 
2011  126  Narrow 0.062 0.062  0.403 
2011  81  Narrow 0.060 0.060  0.311 
2011  750  Broad 0.065 0.067  3.777 
2011  720  Broad 0.064 0.067  3.763 
2011  450  Broad 0.061 0.062  2.782 
2011  386  Broad 0.060 0.061  2.562 
2011  270  Broad 0.058 0.059  2.089 
2011  255  Broad 0.058 0.059  1.961 
2011  126  Broad 0.057 0.057  0.864 
2011  81  Broad 0.056 0.056  0.497 
    mean 0.063 0.064 1.761 
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Conclusions and Synthesis 
 
The previous chapters were united by two main objectives: advancing our ability to 
measure the impact of landscape conservation policies and assessing whether landscape 
conservation policies in a habitat corridor met their intended goals.  These are essential issues 
when designing and implementing large-scale conservation projects, especially when 
determining whether tree plantations and other restoration efforts mitigate the negative impacts 
of fragmentation.  To address these questions comprehensively, I took a detailed case study 
approach, incorporating analyses of satellite and aerial imagery, ecological field work, and 
modeling of functional connectivity. 
Chapter 2 examined current and near-term capability of remote sensing technology to 
monitor forest cover, composition, and ecosystem services like carbon storage.  From a review of 
the literature, I concluded that is possible to make accurate global measurements of forest area 
and carbon using current and upcoming (2009-2015) remote sensing technology.  I 
recommended the development of a global moderate-resolution forest map in the next several 
years to improve forest area measurement accuracy tenfold.  Existing literature emphasized 
forest-nonforest land cover mapping, but the abundance of tree-dominated matrix habitats in the 
tropics, in particular, made moving to land use mapping a priority.  I identified several promising 
methodologies to generate accurate maps of forest land use, including multi-temporal (time-
series trajectories) Landsat imagery, hyperspectral imagery, and Landsat-active sensor fusions.  I 
identified two technologies, multi-satellite constellations and the development of a global terrain-
level elevation map using tandem active sensors, as advances that would improve mapping of 
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forest area and carbon.   Overall, I found that remote sensing is uniquely suited to create 
standardized maps of ecosystem attributes over large areas on a regular basis, which makes it 
invaluable for monitoring forests.  Tropical land use monitoring is challenging but could be done 
accurately using extensions of existing methodologies.   
Chapter 3 focused on the San Juan-La Selva Biological Corridor (SJLSBC) in Costa 
Rica, assessing the effectiveness of landscape forest conservation policies in lowering 
deforestation in the face of agricultural expansion.  I used a Landsat time series of five images 
from 1986 to 2011 to classify land cover in and around the SJLSBC.  Results showed that loss 
rates of mature forest dropped by 40% (from 2.2% to 1.2% per year) following the start of a 
combined PES program and deforestation ban in 1996.  Although the area of export-oriented 
cropland doubled in the last decade, the proportion of cropland derived from mature forest also 
declined after 1996 (from 16.4% to 1.9%).   Almost all of the mature forest cleared after the ban 
was to pasture, implying that landscape forest conservation policies were more effective with 
large-scale crop producers than with pasture producers.  Pastures were highly dynamic, with 
widespread regrowth and clearing that led to a small net increase in landscape forest cover over 
time, but older secondary forests were less protected than mature forests by the forest protection 
policies.  Overall, forest conservation policies likely protected mature forest and directed 
cropland expansion to areas outside mature forest.  Although improvements could be made to 
conserve secondary forests and limit pasture expansion into forest, this study demonstrated the 
potential of landscape conservation policies to control deforestation over the medium-term, 
without lowering agricultural production. 
In Chapter 4, the ability of hyperspectral and multi-temporal imagery to map 
reforestation was the focus, with an aim to track the area and harvesting rates of different tree 
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plantation species in the corridor region that were subsidized by PES payments.  Hyperspectral 
imagery is becoming more common across the tropics, but often only one image date is 
available: this study explored whether integrating a 2005 hyperspectral image with widely 
available multi-temporal Landsat would improve the classification of tree plantation species over 
hyperspectral alone.  Results showed that hyperspectral data separated tree plantations from 
mature and secondary forests, but the addition of multi-temporal Landsat data significantly 
improved classification accuracy of secondary forests and tree plantations.  By merging mature 
and secondary forests, the final land-use map achieved high overall accuracy and distinguished 
six species of tree plantations with acceptable to high accuracy.   Spectrally distinct, exotic 
species had the highest classification accuracy and made up 89% of tree plantations in this 
landscape.  Further analysis combining Hymap and Landsat land-use maps tracked subsequent 
land-use change; prior Landsat land-use was used to demarcate mature and secondary forests.  
From 2005 to 2011, exotic species were more rapidly harvested than native plantation species 
and one fifth of secondary forests were cleared.  To increase connectivity over time, reforestation 
PES could favor native species and secondary forests to increase the persistence of regenerating 
forest cover.  Overall, this chapter showed that integrating hyperspectral and multi-temporal data 
permits accurate monitoring of reforestation in landscapes with a mix of tree plantations and 
secondary forests.   
Chapter 5 sought to integrate the results from Chapter 3 and 4 to assess how forest 
conservation and reforestation programs together have altered functional connectivity for 
understory birds in the corridor region, and to identify critical areas to restore connectivity.  Field 
playback studies and a literature review were used to assess the habitat preferences and 
movement abilities of four species of understory birds, taxa which require forest to breed and 
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travel poorly outside forest cover.  In the field playbacks, both native and exotic tree plantations 
with high shrub density had the potential to be good travel habitat, but tree plantations with low 
shrub density and open pastures were associated with limited travel for three of the four species.   
Landscape functional connectivity for each species was modeled using graph models with 
varying travel distances in tree plantations, gallery forests, and pastures.  Over 25 years in this 
landscape, connectivity declined faster than forest area (a 14-21% connectivity loss with a 4.9% 
forest area loss), implying that forest clearing was more common in areas with high connectivity 
value.  Although they made up 2% of the landscape in 2011, the placement of tree plantations 
limited their potential effect on connectivity because they were commonly located in pastures 
surrounded by continuous forest.  Important habitat for connectivity and priority areas for future 
reforestation were mapped; targeted reforestation of 1% of the landscape improved connectivity 
by 1.8%.  Overall, landscape conservation programs have not led to a net increase in functional 
connectivity for understory birds in the SJLSBC region, but key areas were identified where 
spatial targeting of PES would maximize the connectivity benefits of reforestation and forest 
protection.   
The work presented in Chapters Three through Five is part of a continuing investigation 
into the effectiveness of PES in combating deforestation and restoring connectivity.  Using new 
geospatial data on PES project locations, work is ongoing relating spatial patterns of 
deforestation to PES subsidies and a variety of socioeconomic and biophysical drivers.  In 
addition, several collaborations have led to further work on modeling functional connectivity in 
the SJLSBC corridor for diverse taxa.  Presentation of our results and maps to several Costa 
Rican government agencies and non-profits is planned for this coming year.   
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The previous chapters contributed important insights into the ability of landscape 
conservation policies to maintain forest connectivity in a habitat corridor, but they also revealed 
several possible avenues for future research.  Chapter Two outlined the capability of remote 
sensing to support conservation by monitoring forest cover and carbon; further work could 
explore the capability of remote sensing to track other important forest characteristics, like 
canopy biodiversity and understory structure.  In Chapter Three, we evaluated the success of 
forest protection policies in stemming deforestation and agricultural expansion in one region of 
Costa Rica.  Future research on the impact of the Forest Law on deforestation should expand this 
analysis both spatially and temporally, analyzing a longer time period across all of Costa Rica.  
In Chapter Four, we used a fusion of hyperspectral and multitemporal imagery to track the 
expansion and harvesting rates of distinct tree plantation species, and additional analysis could 
incorporate field spectroscopic measurements to improve the accuracy of tree plantation 
identification and extend our map over larger areas.  General graph models based on those used 
in Chapter 5 could measure shifts in functional connectivity in the two other active Costa Rican 
corridors and evaluate the proposed Mesoamerican Biological Corridor projects across Central 
America.  In a few years, as existing corridor projects are implemented, a global analysis of the 
impact of corridor projects on functional connectivity between protected areas would be 
possible.   
Results presented in the preceding chapters suggest that, even with forest conservation 
policies, agricultural expansion in the study region decreased the persistence of secondary forests 
and tree plantations and lowered landscape connectivity.  This argues for further research into 
the effect of tropical agricultural expansion on forest connectivity.   First, although deforestation 
from agriculture in general is well characterized, regional or global maps tracking the expansion 
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of export-oriented cropland into forest (e.g., Rudorff et al. 2011; Koh et al. 2011) are a relatively 
rare  but important contribution to conservation monitoring.  Second, future deforestation and 
reforestation patterns will be more influenced by the drivers of large-scale cropland expansion—
topography, soil fertility, and access to markets (Lambin et al. 2013).  A general understanding 
of how cropland expansion alters forest clearing and regeneration patterns would improve 
conservation planning.  Third, increased understanding of the effects of export-oriented cropland 
on neighboring forests could improve spatial targeting for reforestation programs; tree plantation 
buffers might shelter riparian forests from open fields and pesticide spray and increase the 
contribution of these narrow forest bridges to functional connectivity.   
DeFries et al. (2013) showed that almost half of tropical countries attribute 40% or more 
of their deforestation to commercial agriculture.  But with its strong governance, healthy 
economy, and commitment to conservation, Costa Rica is often considered an outlier among 
tropical countries, with only two tropical countries, Malaysia and French Guiana, possessing 
greater rule of law (Watson et al. 1998; Kaufmann et al. 2013).  If the effectiveness of landscape 
conservation programs is highly sensitive to these factors, it is possible that the programs 
implemented in Costa Rica could currently be replicated in only a few countries.  However 
landscape conservation programs in Brazil, Mexico, and China have also been shown to lower 
deforestation (Macedo et al. 2012; Brandt et al. 2012; Alix-Garcia et al. 2012).  This indicates 
that effective landscape conservation is possible in countries with lower rule of law and median 
income than Costa Rica (IMF 2013; Kaufmann et al. 2013), especially if intense effort is made in 
monitoring and enforcement (e.g., Rudorff et al. 2011; Macedo et al. 2012).  Seventeen countries 
with extensive tropical forests have rule of law scores equal to or greater than Mexico; together 
these countries accounted for 86% of tropical deforestation from 2000 to 2005 (Hansen et al. 
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2008; DeFries et al. 2010; Kaufmann et al. 2013).  And while relatively few tropical countries 
have implemented deforestation bans thus far, hundreds of PES programs and dozens of regional 
corridor plans have been established in the tropics in the last decade (Hilty et al. 2006; Wunder 
2007; Beier & Gregory 2012; Balvanera et al. 2012).  This indicates a wide possible scope for 
the applicability of conclusions from this dissertation.   
The individual studies included in this dissertation offer important insights into the 
potential and potential limitations of landscape conservation policies in supporting forest cover 
and habitat connectivity.   By combining hyperspectral and multi-temporal remote sensing, 
accurate monitoring of deforestation rates, secondary forest loss, and tree plantation expansion 
can be accomplished.  Our work joins a small number of studies demonstrating that landscape 
conservation policies can lower deforestation rates; we show that forest protection can be 
effective over a long time period (>10 years) and withstand cropland expansion.  The spread of 
export-oriented cropland may be sensitive to landscape conservation policies, but cropland 
expansion is likely to interfere with reforestation efforts and lower the likelihood of future forest 
regeneration.  Tree plantations can function as dispersal habitat for forest-dependent birds if 
managed for a dense understory, but the ultimate contribution of tree plantations to landscape 
connectivity can be limited by poor placement and rapid conversion to other land uses.  We 
conclude that increasing functional connectivity requires persistent, spatially-targeted 
reforestation and forest protection.  This dissertation research demonstrates that integrating 
remote sensing, ecological field work, and graph connectivity models is essential to assessing 
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